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 Abstract 
 
The contributions of this work are in the development of new and state of the art algorithms for 
retinal image analysis including optic disc detection, tortuosity estimation, and cross-over 
abnormality detection. The retina is one of the only areas of the human body that blood vessels 
ĐaŶ ďe ǀisualized ŶoŶiŶǀasiǀelǇ.  ‘etiŶal iŵagiŶg has ďeĐoŵe a staŶdaƌd iŶ the ophthalŵologist͛s 
office because it is an easy and inexpensive way to monitor not just eye health, but also systemic 
vascular diseases.  Changes to the retinal vasculature can be the early signs of diseases such as 
diabetic and hypertensive retinopathy, of which early detection can save vision, money, and 
improve overall health for the patient.  When looking at the retinal vasculature, ophthalmologists 
generally rely on a qualitative assessment which can make comparisons over time or between 
different ophthalmologists difficult.  Computer aided systems are now able to quantify what the 
ophthalmologist is qualitatively measuring in what they consider to be the most important 
features of the vasculature.  These include, but are not limited to, tortuosity, arteriolar narrowing, 
cross-over abnormalities, and artery-vein (AV) ratio.  The University of Padova has created a semi-
automatic system for detecting and quantifying retinal vessels starting from optic disc detection, 
vessel segmentation, width estimation, tortuosity calculation, AV classification, and AV ratio.     We 
propose a new method for optic disc detection that converts the retinal image into a graph and 
exploits vessel enhancement methods to calculate edge weights in finding the shortest path 
between pairs of points on the periphery of the image.  The line segment with the maximum 
number of shortest paths is considered the optic disc location.   The method was tested on three 
publicly available datasets: DRIVE, DIARETDB1, and Messidor consisting of 40, 89, and 1200 images 
and achieved an accuracy of 100, 98.88, and 99.42% respectively.  The second contribution is a 
new algorithm for calculating abnormalities at AV crossing points.  IŶ ƌetiŶal iŵages, GuŶŶ͛s sigŶ 
appeaƌs as a tapeƌiŶg of the ǀeiŶ at a ĐƌossiŶg poiŶt, ǁhile “alus͛s sigŶ pƌeseŶts as aŶ “-shaped 
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curving.  This work presents a method for the automatic quantification of these two signs once a 
crossover has been detected; combining segmentation, artery vein classification, and 
morphological feature extraction techniques to calculate vein widths and angles entering and 
exiting the crossover.  Results on two datasets show separation between the two classes and that 
we can reliably detect and quantify these signs under the right conditions.  The last contribution 
in tortuosity consists of two parts.  A comparative study was performed on several of the most 
popular methods for tortuosity estimation on a new vessel dataset.   Results show that several 
ŵethods haǀe good CoheŶ͛s kappa agƌeeŵeŶt ǁith ďoth gƌadeƌs, ǁhile the toƌtuositǇ deŶsitǇ 
metric has the highest single metric average agreement across vessel type and grader.  The second 
is a new way to enhance curvature in segmented vessels based on a difference of Gabor filters to 
create a curvature enhanced image.    The proposed method was tested on the RET-TORT database 
using several methods to calculate toƌtuositǇ, aŶd had ďest PeaƌsoŶ͛s ĐoƌƌelatioŶ of .ϵ4 for arteries 
and .882 for veins, outperforming single mathematical formulations on the data.   This held true 
after testing the method on the propose dataset as well, having higher correlation values across 
grader and vessel type compared with other tortuosity metrics.   
Summary of Results:  
The optic disc detection method was tested on three publicly available datasets: DRIVE, 
DIARETDB1, and Messidor consisting of 40, 89, and 1200 images and achieved an accuracy of 100, 
98.88, and 99.42% respectively. 
The AV nicking quantification method was tested on a small dataset of 10 crossing provided by 
doctors at Papageorgiou Hospital, Aristotle University of Thessaloniki, Thessaloniki, Greece.  
Results showed separation between the normal and abnormal classes for both the Gunn and Salus 
sign.  The method was then tested on a larger, publicly available dataset which showed good 
separation for the Gunn sign. 
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The proposed tortuosity method was tested on the RET-TORT database using several methods to 
ĐalĐulate toƌtuositǇ, aŶd had ďest PeaƌsoŶ͛s ĐoƌƌelatioŶ of .ϵϰ foƌ aƌteƌies aŶd .ϴϴϮ foƌ ǀeiŶs, 
outperforming single mathematical formulations on the data.   It was then tested on the dataset 
proposed in this thesis, further corroborating the effectiveness of the method. 
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Chapter 1 
Introduction 
 
 
1.1. Motivation 
The eye is said to be a window into the body.  Through this window, we can get a unique view at 
the ďodǇ͛s ŵiĐƌoĐiƌĐulatioŶ.  AďŶoƌŵal ĐhaŶges heƌe Ŷot oŶlǇ iŵpaĐt eǇe health, ďut also the 
general health of the body.  Systemic diseases, such as hypertension and diabetes, can show up 
as abnormal changes in the retinal vasculature [16].  These diseases have had a serious impact on 
society and continue to grow in prevalence throughout the world. 
 According to the World Health Organization (WHO), 40% of adults over the age of 25 have 
hypertension (defined as systolic blood pressure greater than 140mmHg and diastolic over 
90mmHg).  These percentages are higher in low to middle income countries, where people are 
more likely to go undiagnosed, untreated and uncontrolled [17].  In the United States, nearly a 
third of the population has high blood pressure, costing the country nearly $50 billion each year 
[18].  Uncontrolled hypertension can lead to kidney disease, blindness, stroke, and heart attack. 
Complications due to hypertension kill 9.4 million people per year [19].   People with prolonged 
hypertension are also at a higher risk of suffering from dementia and/or mild cognitive impairment 
[20], [21].  The laĐk of sǇŵptoŵs eaƌlǇ oŶ iŶ hǇpeƌteŶsioŶ has giǀeŶ ƌise to the ŶiĐkŶaŵe, ͚the 
sileŶt killeƌ,͛ ǁheƌe ofteŶ theƌe is little ǁaƌŶiŶg ďefoƌe a seǀeƌe eǀeŶt, suĐh as a heaƌt attaĐk oƌ 
stroke.   
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 The percentage of people living with diabetes has nearly doubled in the last 35 years (estimated 
at 422 million in 2014) and is the direct cause of over 1.5 million deaths a year [1].   Type 2 diabetes, 
once only seen in adults, is now occurring at younger ages [22].   The longer a person has diabetes, 
the higher the likelihood of them having a complication, such as diabetic foot, kidney failure, 
diabetic retinopathy (DR), or heart attack [1].   From Fig. 1, the demographics show increases in 
every region of the world and every income group, although deaths related to high blood glucose 
disproportionally affect low-income regions.  DR, a complication of diabetes, is also the leading 
cause of blindness in in working-age adults [23].   
 
Figure 1.1 Percentage of all deaths attributed to high blood glucose aged 20-69, by region and 
sex [1] 
 
 The good news is that these two diseases can be controlled through treatment, lifestyle 
changes, and regular screening.  At least some of the damage due to hypertension can be reversed 
(vascular narrowing[24]) and people can live longer with diabetes without the secondary 
complications [25], [26].  These factors also highlight the usefulness of retinal screening and tools 
for retinal vessel analysis.  Changes in the retina due to diabetes occur many years after an initial 
diagnosis [27].  Regular screening can track changes and insure action is taken before vision 
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becomes impaired.  Changes in the vasculature related to hypertension can be seen early on, 
possibly alerting a patient to the condition and tracking changes after facilitating treatment [28].   
Many of the changes that occur in the retinal vasculature are difficult to quantitatively assess by 
a human.  Ophthalmologists generally use qualitative metrics, such as high or low, that are difficult 
to track outside of a binary setting.  Quantitative metrics are much simpler to produce and 
reproduce with the help of a computer and specially designed software.  Retinal fundus cameras 
are a staple of the ĐliŶiĐiaŶ͛s offiĐe and have been shown effective in patient screening as well as 
in a tele-retinal environment [29],[30].  The reasons for this are - they have a relatively low price 
point ($5000 - $20000 that has been dropping), are portable, easy to use and allow the viewing of 
multiple diseases.  Combining retinal imaging with a framework for retinal vessel quantification 
gives the clinician a powerful tool in combating vision loss and tracking systemic diseases. 
 The University of Padova has created tools for the evaluation of the retinal vasculature; mainly 
a tool for calculating artery/vein (AV) ratio and tortuosity [31], [32].  We propose the combining 
of these tools with the addition of state-of-the-art algorithms in optic disc detection, tortuosity, 
and AV nicking (the main contributions of this work).  These new tools, along with those previously 
created at the University allow for the accurate measurement of several of the most common 
vessel metrics used by clinicians today.                         
 
1.2. Research Objectives 
This research aims to add to a retinal vasculature measurement framework, of which many steps 
have been previously developed.  This framework includes many image processing steps before a 
vascular measurement can be taken.  Generally these steps include preprocessing, optic disc (OD) 
detection, vessel segmentation and key point detection (cross-over, bifurcation and end points).  
The outputs of these steps are used to quantify several of the known vessel parameters affected 
by disease, such as vessel narrowing, AV nicking, AV ratio and tortuosity.  The contributions of this 
work address three areas within this framework with new and state-of-the-art algorithms for: 1) 
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automatic detection of the optic disc, 2) computer-aided measurement of AV nicking signs, and 3) 
curvature enhancement for tortuosity estimation. 
1.2.1. Optic disc detection 
In this work, our main goal is the accurate detection of the optic disc in fundus images.  In many 
algorithms, optic disc detection is usually a first step.  This occurs for several reasons:  1) the 
subsequent processing is to focus on that area (such as in glaucoma, papilledema or AV ratio 
calculation), 2) one wants to mask this region from subsequent processing due to its brightness 
and contrast and 3) to take advantage of its geometric properties with respect to other landmarks 
in the image.    Many methods have been developed for this task that take into account several of 
the obvious features of the OD.  In general, it is the brightest region of the retina, has a circular to 
oval shape and is the entry point for the vascular tree into the retina.  These properties would 
seem to make its detection trivial.  However, any amount of disease, less than perfect image 
quality or normal variants can make this a challenging problem.   Over the years, retinal imaging 
has improved in terms of image quality, field of view and resolution, and these quality images can 
generally be taken without the need of pupil dilation [33](This can still be difficult for patients with 
small pupils, the elderly and those with a central cataract [34]).  Imaging standards have also been 
adopted for disease screening that have normalized the imaging process in terms of the field of 
view covered [35], and picture archival and communication systems (PACS)  have made the storing 
of large amounts of patient imaging data a safe and simple process [36]. With all of these 
advancements, we felt that a new, accurate algorithm for optic disc detection would be an 
improvement to those proposed in the literature and contribute greatly to the performance of 
the vessel analysis framework. 
 
1.2.2. Arteriovenous nicking measurement 
The advancements in retinal imaging have also led to our ability to quantify vessel abnormalities 
that were previously unavailable.  This includes arteriovenous nicking, where low contrast and low 
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resolution in the small areas of occurrence, made meaningful quantitative analysis impossible. 
Arteriovenous nicking (AVN) occurs when an artery, under a prolonged state of high blood 
pressure, pushes down on a vein at a crossing point.  The exact cause is still speculation, but this 
can cause the vein to taper at the crossing and/or be displaced, entering and exiting the crossover 
at a right angle.  These abnormalities, named after famous ophthalmologists from the early 
ϭϵϬϬ͛s, are known as the (Marcus) Gunn and (Robert) Salus signs respectively [37][38].    AVN is 
an important sign in hypertension and hypertensive retinopathy due to its correlation with branch 
retinal vein occlusions (BRVO), where blood supply can be lost to an entire hemisphere of the 
retina [39].  Assessment of AVN is typically done in a qualitative manner by a human grader as a 
binary marker.  Automated measurement of these AVN signs allows for a more accurate 
assessment of severity, leading to a less subjective grading standard and adding an important tool 
to the vessel analysis framework.    
 
1.2.3. Tortuosity estimation 
Tortuosity in the retina is the abnormal curving of the vessels.  Generally, the vessels run in a 
straight parabolic arc, branching and splitting to cover the retina.  While a subset of people have 
normally tortuous vessels (known as familial tortuosity [40]), it is generally a sign that the vessel 
is under a state of high pressure and has changed course to adapt.  Tortuosity is one of the earliest 
signs of hypertension in the vessels and its severity is directly correlated to the hypertensive state 
[41].  Given this fact, measuring and tracking of tortuosity over multiple visits has become a 
popular method of tracking patient compliance with medication and lifestyle changes. Over the 
years, there have been many formulas used to define tortuosity at the vessel level and many 
combinational approaches to give an image level grade for tortuosity.  The underlying issue, 
however, is that the human grader does not have a way to quantitatively measure the tortuosity 
they are seeing in the image.  Grades are generally given as low, medium, or high (or 0 -2) and low 
inter and intra grader variability make standardization a difficult task [41].   Since these 
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mathematical tortuosity measurements are being correlated with the human grader qualitative 
measurements, it becomes difficult to tell which tortuosity metric is the most effective and makes 
the case for a more adaptable approach to tortuosity quantification.   
 
1.3.  Thesis Contribution 
The main contributions of this thesis are three new, state-of-the-art algorithms developed as part 
of a retinal vessel analysis framework to address the problems mentioned in the previous section.  
An example image showing the areas of interest for this thesis can be seen in Fig. 1.2.  Details for 
each of these contributions are outlined in the following sections. 
 
Figure 1.2 Visualization of the main landmarks and vessel abnormalities covered in this thesis.  
They include optic disc detection, tortuosity estimation and AV nicking quantification.  Image 
adapted from [2]. 
 
1.3.1. Optic disc detection 
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We have proposed a novel method for the accurate detection of the optic disc in fundus images.  
The method converts the image to a graph, with vertices being all pixels in the foreground of the 
image and uses vessel enhancement techniques to calculate edge weights between these vertices.  
The shortest distance between 8 points on the periphery of the image to mirrored points on the 
other side are calculated.  Each path generally follows the major vessels, which originate at the 
optic disc.  The number of paths that cross each vertex is calculated, with the segment covering 
the maximum number of shortest paths being considered the area of interest for the optic disc.  
To ensure a precise location, a multi-feature template matching approach is used in this region 
and the maximum response is considered to optic disc.  If certain thresholds are not met with 
respect to correlation and maximum path number, an iterative approach is used to expand the 
area of interest or ultimately determine that the OD was not found.  The method was tested on 
three publicly available datasets: DRIVE [42], DIARETDB1 [10], and Messidor [43] consisting of 40, 
89, and 1200 images and achieved an accuracy of 100, 98.88, and 99.42% on databases 
respectively.  The method performs as well or better than state-of-the-art methods on these 
datasets, with processing taking an average of 32 seconds (+-1.2) to detect the optic disc, with the 
bulk of the time used for the vessel enhancement process.   The accuracy over a wide variety of 
images shows that the method is robust and would be optimal in a retinal vessel analysis system, 
as it combines steps for vessel segmentation and OD localization.   
 
1.3.2. Arteriovenous nicking measurement 
An efficient method for calculating the signs associated with AVN is proposed in this work.  Using 
information provided as to the location of the crossovers, either from the vessel framework or as 
a semiautomatic user input, the method combines segmentation, artery vein classification, and 
morphological feature extraction techniques to calculate vein widths and angles entering and 
exiting the crossover for the calculation of both the Gunn and Salus signs.  First, a region of interest 
around the selected crossover is cropped from the original image.  The vessels are then segmented 
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using the method introduced by Frangi [44].  The four corners of the crossing are detected and 
used to create a bounding box to separate the four vessel segments.  Color and intensity profiles 
are used to determine artery from vein.  Vessel widths are detected using monodimensional 
matched filtering perpendicularly along the vessel axis.  This gives all the information needed to 
calculate the Gunn and Salus signs.  The method was tested on a small set of crossings (5 normal, 
5 abnormal), graded by a set of 3 doctors who were in agreement as having or not having 
Gunn/Salus sign.  Results show separation between the two classes and that we can reliably detect 
and quantify these signs under these higher quality imaging conditions.  We then tested the 
method on a publicly available dataset [45],[46](32 normal crossings, 31 showing signs of AV 
nicking at different levels).  The results further corroborated our findings, showing the ability to 
separate normal crossings from abnormal.  
 
1.3.3. Tortuosity Estimation 
First, we develop a new dataset for tortuosity estimation based on the grading of 5 doctors.  The 
most common methods for tortuosity estimation are tested on this dataset to compare with other 
studies on the efficacy of each method. We then propose a new method for enhancing curvature 
as a feature for calculating tortuosity, based on a difference of Gabor filters, which can be used 
on a segmented vessel or vessel skeleton.  The rationale for using different sets of Gabor 
filterbanks is in their response at curves.  The difference in Gabor filters comes from the aspect 
ratio used in the Gaussian envelope; elongated envelopes will have different responses at 
curvature points along the vessel compared to rounder envelopes, when other factors are 
normalized. This difference between the maximum responses of the two filterbanks gives a higher 
response at regions of curvature.  This, along with the other variables associated with Gabor filters 
allows for the tuning of these filters to emphasize different wavelengths of curves, thought to be 
important to a clinician making a tortuosity assessment.  The curvature-enhanced image can be 
combined with the typical mathematical calculations for tortuosity to provide a tortuosity score 
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that can be optimized based on the grader. The proposed method was tested on the RET-TORT 
database using several methods to calculate tortuosity, and had a PeaƌsoŶ͛s ĐoƌƌelatioŶ coefficient 
of .91 for arteries and .82 for veins.  However, since we allow for the customization of the filter 
banks, using different parameters for arteries and for veins yielded the best results of .94 and .88 
correlation coefficients respectively, outperforming the best rigid methods for tortuosity 
estimation on this database.  The proposed method was then tested on the newly developed 
dataset and had higher correlation values across both graders and vessel types than any of the 
standard metrics used for tortuosity estimation. 
 
1.4. Thesis Organization 
The rest of the thesis is organized as follows: 
Chapter 2:  Research Background 
The chapter presents the relevant background knowledge for this research.  First, the anatomy of 
the retina is presented followed by a review of some of the retinal imaging technologies that allow 
our analysis.  Then a review of the relevant pathologies associated with hypertension and diabetes 
with respect to the retina are covered.  We then present a review on the steps in a typical vessel 
analysis framework and conclude with an in depth literature review of relevant methods 
associated with optic disc detection, tortuosity and arteriovenous nicking.  
Chapter 3:  Optic Disc Detection 
This chapter presents an automatic method for the detection of the optic disc (OD).  A novel 
approach that treats the image as a graph and calculates the shortest path between points on the 
periphery of the image using a vessel enhancement as weights, is proposed.  This method uses 
the fact that the retinal vessels originate at the OD, and since shortest paths will follow along the 
major vessel paths, the largest accumulation of shortest paths will be in the area of the OD.  The 
method is tested on several of the well-known, publicly available datasets including DIARETDB1, 
Messidor, and DRIVE, achieving equal or better results than state-of-the-art algorithms.  A true 
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OD location was considered anything inside the OD.  Overall, the method is tested on 1456 retinal 
images and achieves an average accuracy of 99.45%.   
Chapter 4:   Arteriovenous nicking quantification  
This chapter presents a novel method for quantifying the signs related to arteriovenous nicking 
(AVN).  AVN is clinical marker in hypertensive retinopathy and its association with sight 
threatening events makes the accurate quantification of AV crossings an important tool for vessel 
quantification.  There are two distinct phenomena that can occur due to AVN.  A visual tapering 
of the vein going into and coming out of the crossing, known as the Gunn sign.  Also, the 
displacement of the vein at the crossing, visualized as a 90° change of path at the crossing, known 
as the Salus sign.  This work presents a method for the automatic quantification of these two signs 
once a crossover has been detected; combining segmentation, artery vein classification, and 
morphological feature extraction techniques to calculate vein widths and angles entering and 
exiting the crossover.  The method was tested on two datasets:  A small dataset of 10 crossings, 
graded by a set of 3 doctors who were in agreement as having or not having Gunn/Salus sign, and 
again on a larger publicly available dataset (63 crossings grading from 0-3).  The method shows 
the ability to separate the normal and abnormal crossings in agreement with the ground truth.  
Chapter 5:   Tortuosity estimation 
This chapter presents a comparison of many of the popular tortuosity metrics as well as a novel 
method for curvature enhancement along with several methods for using this information in 
creating new, adaptable tortuosity metrics.  The proposed method uses the difference of Gabor 
filter banks whose aspect ratios are different.  In general, this creates low filter responses in 
straighter region of vessel segmentations and higher responses at curves, with respect the Gabor 
filter bank chosen.  The method was tested on dilated vessel centerlines recreated from the RET-
TORT dataset; a set of 30 arteries and 30 veins with ordered gradings by two clinicians.  The 
method achieves a highest rank correlation of .94 for arteries and .88 for veins, exceeding results 
from the general mathematical formulations for tortuosity.  The method was then tested on the 
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newly developed dataset, producing higher correlation values than the standard metrics across 
vessel type and grader. 
Chapter 6: Retinal Vessel Measurement Framework 
This chapter combines the methods developed in the previous chapters with algorithms 
developed in the past at the University of Padova into a vessel measurement framework.  Pulling 
from previously developed semiautomatic tools, this chapters goes through the process of 
measuring the important features related to vascular disease, including user input for fixing the 
optic disc location and vessel tree segments.  Vessel width, multiple tortuosity metrics, AV ratio 
and crossover analysis can all be measured through this framework.  A look at other available 
systems for vessel measurement are also presented. 
Chapter 7:  Conclusions and Future Work  
This chapter presents the vessel analysis framework with the new algorithms added to the system.  
A summary of the contributions from the previous sections are presented as well as a discussion 
of the possibilities for future work in this area. 
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Chapter 2 
Research Background 
 
 The chapter presents the relevant background knowledge for this research.  First, the anatomy 
of the retina is presented followed by a review of some of the retinal imaging technologies that 
allow our analysis.  Then a review of the relevant pathologies associated with hypertension and 
diabetes with respect to the retina are covered.  We then present the typical vessel analysis 
framework and conclude with a literature review of relevant methods associated with optic disc 
detection, tortuosity and arteriovenous nicking.  
2.1 Introduction 
 The retina is an extension of the central nervous system [47].  It is connected to the brain 
through the optic nerve and has the main duty of translating the many frequencies of light into 
nerve signals that our brain then interprets into what we see.  The retina is made up of roughly 10 
layers, including three made up of nerve-cell bodies and two containing synapses [48]. The inner 
limiting membrane (the inner most layer) separates the retina from the vitreous, and the 
outermost layer, the retinal pigment epithelium (RPE), forms a blood barrier with the choroid (a 
vessel rich layer that supplies the outer retina) and is just behind the layer of photoreceptors [48].  
Fig. 2.1 shows these layers. The retinal layers seem to be reversed from conventional think.  Light 
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is captured by light receptors at the back of the retina as opposed to the front, travelling through 
the many layers of nerve cells and synapses before being captured. The RPE cells contains melanin, 
which absorbs light passing through the retina so that it does not reflect and scatter inside the eye 
[49].  Proteins in the photoreceptors absorb photons and begin the process of photo-transduction 
(conversion of light to electrical signals) [50]. Information is passed up to the middle layers of the 
retina containing three types of nerve cells for processing.  Horizontal cells link photoreceptors to 
bipolar cells and amacrine cells link the bipolar cells to the outer layer of ganglion cells.  The 
ganglion cells then pass the information across the retina to the optic nerve and are then sent to 
the brain.     These cell connections can be visualized in Fig. 2.2.  There are two types of 
photoreceptors collecting light information; rods which are more sensitive to light and are 
primarily responsible for our low light vision and cones which make up the bulk of our color and 
fine vision [51].  Cones can be further broken to down into the frequency of light they are most 
sensitive to, which in terms of color are red, green and blue.  Their sensitivities do overlap, which 
allows cones to work in combination so that we can see the entire array of visible colors [52]. Rods 
outnumber cones in the retina approximately 120 million to 6 million, and both are 
disproportional spread across the retina as we will see later. 
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Figure 2.1 The layers of the retina from the retinal pigment epithelium to the internal limiting 
membrane.  Image from [3].   
 
Figure 2.2 Connections shown between the Rods and cones, bipolar and ganglion cells.  Light 
passes through these first layers of cells to the rods, cones and RPE.  The information is converted 
to a biological message and then into an electrical impulse that is sent to the brain via the network 
of ganglion cells.  Image from [53]. 
 The retina covers approximately 75% of the inner eye wall.  It can be broken down into several 
separate distinguishing features as shown in Fig 2.3.  The macula lutae is an ovalish pigmented 
area near the center of the retina.  The dense pigmentation in this region helps to reduce the 
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scatter of light and is a dense location of cones [54].  It is also important because at the center of 
this region is the fovea, an avascular region where our central vision comes from.  This region has 
the highest concentration of cones in the retina (200,000 – 300,000 cones/mm) and has a central 
depression.  Displacement of the neuronal layers and lack of vasculature leaves direct access to 
the photoreceptor layer [55].  When we look at an object, this is where we fixate that object on 
the retina for our clearest vision.  When there is disease in this area of the retina, there is a large 
chance that vision will be impaired.   
 The optic nerve head (disc) is probably the most distinguishing feature of the retina.  It does not 
have the same layers as the rest of the retina, containing only the nerve fiber layer and the internal 
limiting membrane.  This accounts for the pale appearance as there is no RPE with the dark 
melanin to absorb light.  There are no photoreceptors in this region which makes it our natural 
blind spot [56].  This is also the region where all of the ganglion cell axons converge and exit the 
eye through the optic nerve to the brain.  The average optic disc is an oval with a major axis of 
approximately 1.8mm and minor axis of 1.5mm [57].  It shares a geometric relation with the fovea, 
generally being located 3 to 4mm to its nasal side.  The optic disc is also the entry point for the 
main retinal vessels, the central retinal artery and vein.  As can be seen in Fig. 2.3, the vessel 
arcades leave vertically from the optic disc before curving into a parabolic shape around the 
macula.   The central retinal artery supplies 20-30% of the blood flow to the retina (the choroid 
supplies a much greater portion 65 – 85%), breaking off into four main branches to cover the 
retina and feed oxygenated blood to the capillary networks [58].  The central retinal vein then 
drains these capillaries and sends the deoxygenated blood back toward the heart.  The lack of 
oxygen in the blood accounts for the darker appearance of the veins in fundus images.  Some 
standard key points are generally identified in the vessels are: 
Branching points – a branch point is the point where a smaller vessel comes out of a larger vessel. 
Bifurcation points - a bifurcation point is when a vessel splits into two equally sized vessels. 
Crossover points – a crossover points is when an artery crosses a vein or a vein crosses an artery. 
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and the magnified image is captured.  Generally there is a fixation point for the patient to follow 
to capture different fields of view. This can be done with or without pupil dilation.  Pupil dilation 
generally provides higher quality images and can allow for a larger imaging area.  Fundus 
photography has many advantages: it is non-invasive, inexpensive, comfortable and the cameras 
are easy to operate (automatic cameras are also available [59], [60]).  They allow for clear viewing 
of all the major retinal landmarks and have especially good contrast with blood, making them ideal 
for vascular measurement and abnormalities.  There are of course drawbacks to a two-
dimensional image of a three dimensional object.  The biggest being a lack of depth.  Several sight 
threatening diseases require some depth perception in the macula and optic disc.  The closest 
thing to depth that can be achieved is by taking multiple images from slightly different angles and 
combing the information to get depth from disparity, much in the way our eyes combine 
information [61].   
 
Figure 2.4 Typical fundus camera setup with camera back and digital interface.  This particular 
model is a KOWA nonmydriatic 7 with VK-2 digital imaging system from [5]. 
2.2.2 Angiography and autofluorescence 
Angiography is used to visualize the insides of vessels in the body.  To do this a contrast medium 
is injected into the patient.  For the retinal vessels, this is typical fluorescein and for the choroid, 
it is indocyanine green.  As the dye passes through the blood vessels in the eye, a camera equipped 
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with special filters can image the blood flow [62].  This has the ability to show the arterial and 
venous networks separately (since the blood will be passes through them at different times) and 
show any leaking that may be occurring in the vessel network (as shown in Fig. 2.5).  While this is 
an excellent way to visualize the vascular network, it requires the invasive step of injecting the 
dye. More recently, autofluorescence has been used, taking advantage of the fluorescent 
properties of pigments in the retina [63].     
 
Figure 2.5 Left image: Image of the vessel network with leakage taken with fluorescein 
angiography.  Right Image:  Autofluorescence image of the retina.  Images from [6], [7] 
respectively. 
 
2.2.3 Confocal scanning laser ophthalmoscopy (cSLO) 
This technique uses a laser beam to scan across the retina in a raster pattern.  The light reflected 
from each point is multiplied and recorded.  Confocal means that the detection takes place 
through a focal point, eliminating light reflected from outside the spot illuminated by the laser 
[64]. This creates a retinal image that can have a very high spatial resolution.  The depth of the 
laser can also be adjusted to capture different layers of the retina as well as provide depths maps 
of the optic disc or macula.  Also, since the laser enter the eye as a pinpoint, it provides for the 
ability to generate much larger field of view images.  Ultra-widefield has now become its own 
subsection of SLO imaging (up to 200° field of view which can be seen in Fig. 6) [8],[65].  Of course, 
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this can produce its own problems, since scanning that far into the periphery can create geometric 
artifacts due to the disparity of depth in the images.  This can partially be corrected with software 
and the method allows for the possible viewing of disease in the periphery that would go 
unnoticed until it made its way to the central retinal area.  Previously, the size and cost of these 
machines was burdensome outside the major hospital setting, but both have come down 
considerably in the last ten years [66].   
 
Figure 2.6 Left Image: An optos, ultra-widefield system. Right Image: An ultra-widefield image 
from this system [8]. 
 
1.2.4 Optical coherence tomography (OCT) 
The main idea of OCT is to compare the difference of flight times of light waves when sent into a 
biological media with that of a reference signal, similar to ultrasound (but with light waves) [67].    
This can be done at a single point (A-scan), a line of points to get a cross section view (B-Scan), or 
done over an entire area (x and y directions 3D volumetric view).  Each layer of the retina can be 
visualized, as seen in Fig. 2.7, and has become the standard for detecting many of the sight 
threatening retinal diseases.    There are now multiple methods for OCT, including the more recent 
spectral domain (SD-OCT) and swept source (SS-OCT, subset of SD-OCT) methods to accompany 
the original time domain (TD-OCT) method.  These newer methods improved upon the signal to 
noise ratio and acquisition time by measuring the spectrum of the output which can be captured 
for an entire B-scan all at the same time.  The drawback is losing some of the sensitivity along the 
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axial range of the scan, whereas the sensitivity is constant in TD-OCT [68]. One of the few 
drawbacks of these methods is the inability to discern blood reliably, a key factor in blood vessel 
analysis.       
 
Figure 2.7 Examples of OCT images. Left: Overlay showing the region of interest covered with green 
arrow across the fovea denoting B-scan location and Right: A B scan through the fovea showing 
the individual layers and depth in the region.  Images adapted from [9]. 
 
 Due to the nature of this study with an emphasis on the retinal vasculature, fundus photography 
is used to make all measurements.  The combination of high blood vessel contrast, medium 
resolution, wealth of data, cost effectiveness and noninvasive nature make it just as relevant today 
as it was 40 years ago, even without any major breakthroughs along the way.  While generally not 
used to diagnose, in many clinics it is one of the first procedures undergone before determining if 
other procedures are necessary.  Studies have also shown that fundus photography is very useful 
in the monitoring and screening of disease [29], [30].  These cameras can be taken to remote 
locations to screen underserved populations. Images can be read online or with the help of 
automated software and recommendations can be made for follow up exams.  Temporal images 
can track the course of disease and determine patient compliance and the effect of medication or 
determine when future intervention will be necessary [69]. 
2.3 Retinal Pathologies 
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Hypertension and Diabetes effect the retina in different ways.  Their effect, along with those from 
other diseases, are known as retinal pathologies.  Generally with these two disease, vision loss 
becomes a factor when the pathologies are in the area of the macula and fovea.  Pathology in the 
periphery can go unnoticed visually but serves as a warning of future vision loss and damage that 
may be occurring in other parts of the body.  A description of both hypertensive and diabetic 
retinopathy is discussed in the following sections starting with a brief description at the biological 
level and moving on to the presentation in retinal images. 
2.3.1  Diabetic retinopathy 
Diabetic retinopathy (DR) occurs as a complication of diabetes due to damage of the blood vessels 
by high sugar levels.   Early on, arteries begin to narrow and blood flow to the retina is reduced.  
The opposite then occurs as the disease progresses [70], [71].  At the cellular level, pericytes, 
which provide vascular stability and control endothelial proliferation, are damaged and/or lost.  
This can lead to blood leakage from the destabilized capillary bed [72].  In response, the retina 
either increases it vascular permeability, which can lead to swelling, or can form new, weak vessels 
that can grow out into the vitreous and possibly leak.  There are several categories of DR which 
can be broken down into the following manner:  
 Non-proliferative diabetic retinopathy (NPDR) - this stage is characterized by the formation of 
lesions on the retina.  These lesions include microaneurysms, hemorrhages, hard exudates (lipid 
residue left over from a serious leak) all caused by the leaking capillary bed due to the previously 
mentioned vessel breakdown.  Other lesions include cotton wool spots, which are abnormalities 
in the nerve fiber layer caused by swelling.  This category can be broken down further based on 
the number, type and location of lesions present as mild moderate and severe as shown in Table 
1. 
 Proliferative diabetic retinopathy - this stage is marked by the growth of new vessels. Vascular 
endothelial growth factor (VEGF) protein expression is elevated, stimulating the growth of new, 
small and weak vessels.  These vessels are able to grow into the vitreous where they are prone to 
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beading, preretinal hemorrhage and neovascularization at the disc.  Exudates in the macula denote 
past or present edema.  Images adapted from DIARETDB1 [10].  
Table 2.1: Levels of DR proposed by Wilkinson et al. [15] breaking down the type, number and 
quadrant of pathologies. 
Proposed Disease Severity Level Findings Observable on Dilated Ophthalmoscopy 
No apparent retinopathy No abnormalities 
Mild nonproliferative diabetic retinopathy Microaneurysms only 
Moderate nonproliferative diabetic retinopathy More than just microaneurysms but less than severe 
nonproliferative diabetic retinopathy 
Severe nonproliferative diabetic retinopathy Any of the following: more than 20 intraretinal 
hemorrhages in each of 4 quadrants; definitive 
venous beading in 2+ quadrants; prominent 
intraretinal microvascular abnormalities 1+ quadrant; 
No signs of proliferative retinopathy 
Proliferative diabetic retinopathy One or more of the following: neovascularization, 
vitreous/preretinal hemorrhage. 
   
 
2.3.2  Hypertensive retinopathy  
Hypertensive retinopathy (HR) refers to the damage associated with the retinal vessels under 
prolonged elevated blood pressure.  The pressure puts stress on the blood vessels, causing 
damage that can lead to a blockage or rupture as well as adaptive changes to the vessels 
themselves [75].  One of these adaptation is in the course of the vessel path, known as tortuosity.  
While mild tortuosity is relatively common in the general population, elevated levels are a clear 
indicator of disease.  Many of the same lesions present in DR are also present in hypertensive 
retinopathy.  It has historically been graded on scale (known as the Keith Wagener Barker scale) 
of 1 – 4, based on the type and severity of the signs [76].  Examples of many of the lesions and 
abnormalities associated with HR are presented in Fig. 2.9. Grade 1 (mild hypertension) signs 
include generalized arteriolar narrow and sclerosis (preseŶts as a ͚Đoppeƌ ǁiƌiŶg effeĐt͛ due to 
increased thickness of the vessel walls).  Grade 2 signs include focal arteriolar narrowing (Fig. 2.9 
A) and crossing abnormalities such as the Gunn and Salus signs (Fig. 2.9 B).  There is also an 
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exaggerated light reflex along the arterioles.  Grade 3 signs include exudates, hemorrhages, and 
cotton wool spots, similar the described in the previous section.  Grade 4 signs are an increase in 
the grade 3 signs plus papilledema (optic disc swelling).      
 
Figure 2.9:  Signs associated with hypertensive retinopathy.  (A) AV nicking showing both tapering 
and displacement of the vein.  (B) A highly tortuous vessel. (C) Focal thinning of an artery. (D) A 
microaneurysm.  (Right) Advanced lesions in DR including flame hemorrhages, hard exudates, 
cotton wool spots, and optic disc swelling. Images adapted from [11]. 
 
  The two signs that are the focus of this work are tortuosity and cross over abnormalities.  
Tortuosity, or curving in the vessels, has been associated with both hypertensive retinopathy and 
DR (among other diseases).  The underlying causes of tortuosity are not well understood, but it is 
thought that changes in blood pressure, weakening of the vessel wall, and axial tension may all 
play a part [77], [78].  Highly tortuous vessels can limit blood flow or occlude it all together, cutting 
off the blood supply to large parts of the retina.    AV nicking occurs when an artery, under 
hypertensive conditions (sclerotic, stiff walls), pushes down on a vein at a crossing.  The vein 
becomes pinched down at this point leading to lower blood flow and visual tapering of the vein at 
the crossing point.  The pressure can also displace the vein at the crossing, changing the angle of 
vein at the crossing (Fig. 2.9 A).  
 
2.4 Retinal Vessel Measurement Framework       
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In order to make computer based quantification of retinal vessel abnormalities, certain processing 
steps are generally followed.  Although this thesis is only concerned with certain parts of this 
framework, an explanation of each step is provided along with popular methods of completing 
these tasks.  An in depth literature review of the thesis topics is presented within this discussion.  
Fig. 2.10 shows a flow chart of a typical retinal vessel measurement framework.  A retinal image 
typically undergoes preprocessing to increase contrast and even illumination.  The optic disc 
region and vessels are segmented either individually, simultaneously or using joint information.  
This information is used to create a skeleton of the vessel network from which key points and 
vessel widths are found and used to help classify arteries and veins.  Finally, with all of this 
information, the typical vessel metrics can be calculated. 
 
Figure 2.10: A typical flow chart for retinal vessel analysis.  A retinal image is preprocessed and OD 
detection and/or vessel segmentation takes place.  A skeleton of the vascular network is formed 
and key points and vessel widths are extracted.  Artery/Vein classification is performed before the 
typical vessel metrics are calculated. 
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2.5 Literature Review 
A literature review is presented of the main topics of this thesis.  This includes methods for the 
detection of the optic disc, cross-over abnormality detection and tortuosity measurement. 
2.5.1  Optic disc detection 
There have been many methods proposed in the literature for optic disc detection.   Normally, the 
OD presents as the brightest region in the image.  However, retinopathies, image quality and 
normal variations can make this untrue, which makes OD localization a surprisingly difficult task 
that has led to many advanced methodologies. Some methods have focused just on OD detection, 
while others perform OD segmentation as well. A look at many of the popular and newer OD 
detection algorithms will now be discussed.  For an in-depth look at earlier OD algorithms, please 
see Youssif et al. (2008) for an extensive review [79].   In 2003, Hoover and Goldbaum [80] used 
the fuzzy convergence of vessel end points from a vessel segmented image to determine the 
convergence of blood vessels and ultimately the OD location, obtaining an 89% detection rate on 
the STARE dataset.  This dataset consists of 80 images with ground truth of highly diseased retinas.         
In 2004, Foracchia et al. [81] fit a parabolic model to the main arcades in the image, with the OD 
location being the area of convergence of all vessels.   Based on this model, the OD location is able 
to be determine even if it is not present in the image.  The method achieved a 98% detection rate 
when tested on the STARE dataset.  Neimeijer, Abramoff, and Van Ginneken (2009) [82] used a k-
nearest neighbor regressor with features from the original image and a vessel segmentation to 
predict the distance of each pixel in the image to the optic disc.   The method achieved a 99.4% 
OD detection rate on an in-house dataset.  Mahfouz et al. (2010) [83] encoded the x and y 
coordinates of the OD in 1-D projections based on certain retinal features.   The method had a 
combined 97% detection rate on 4 publicly available datasets.  Welfer et al. (2010) [84] used an 
adaptive morphological approach that prunes a skeletonized vessel segmentation until just the 
main arcades are present.   The OD is localized using the intersection of the centroid of the 
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skeleton and the remaining vessel arcade fragment.  The method obtained 100% and 97.75% 
detection rates on the DRIVE and DIARETDB1 databases.  Aquino et al. (2010) [85] combined three 
methods for OD detection (maximum difference, maximum variance, and a low-pass filtering 
method) into a voting procedure based on the location found in each method.   The method 
obtained a 99% detection rate in the Messidor database.  Qureshi et al. (2012) [86] also combined 
OD detection algorithms using geometric rules.   The methods include pyramidal decomposition, 
edge detection, entropy, Hough transform, and feature vector combination and achieved a 100% 
and 94.02% on the DRIVE and DIARETDB1 databases respectively.  Yu et al. (2013) [87] used 
adaptive template matching to determine OD candidates and the final OD location was 
determined from the vessel characteristics in these regions.   The method achieved a 99.08 
detection rate on the Messidor dataset.  Pereira et al. (2013) [88] used an ant colony optimization 
algorithm which mimics swarm behavior as the ants move based on local intensity variation and 
achieved a 93.25% detection rate on the DIARETDB1 database.   Yu, Ma and Li (2015) [89] 
employed a morphological approach on a combination of intensity and vessel convergence 
information and achieved a 99.52% detection rate on several publicly available datasets.   Rahebi 
et al. (2016) [90] detected the OD location using the firefly algorithm.   The algorithm compares 
fireflies, moving the insects based on intensity values in the image until an optimal insect is found 
as the OD location.  The method achieved a 100% and 94.38% detection rate in the DRIVE and 
DIARETDB1 databases.  Abdullah et al. (2016) [91] used the circular Hough transform after 
morphologically removing the vessels from a preprocessed image to determine the OD location.   
2.5.2  Vessel segmentation  
Methods for retinal vessel segmentation can generally be broken down into two main classes: 
supervised and unsupervised, being broken down further by the underlying methods (matched 
filtering, vessel tracking, multiscale approaches and model based).  Many works have been 
developed in each of these categories, but we will focus on the more recent and popular methods 
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in supervised and unsupervised with a brief discussion on the subcategories.  For an in depth 
review on all methods, please see Fraz et al. [92]. 
 Supervised methods require a training set with manually annotated ground truth to learn the 
rules of extraction from the features provided.  While generally offering better classification 
results, they may be limited by the availability of ground truth data or the quality of said data.  
Staal et al. (2004) [42] presented a ridge-based vessel segmentation combined with a k-nearest 
neighbor (knn) classifier to separate vessel pixels from the background.  Niemeijer et al.  (2004) 
[93] also used a knn classifier in conjunction with multiscale Gaussian matched filters to create a 
vessel probability map which is then thresholded to achieve the final segmentation.  Soares et al. 
(2006) [94] used the response on 2D multiscale Gabor wavelets paired with a Bayesian classifier 
to segment the vessels. Ricci and Perfetti (2007) [95] used the response from a series of line 
operators with a linear support vector machine (SVM) classifier.  They added a small orthogonal 
component to their lines, which made them more robust in vessel detection.  Osareh and 
Shadagar (2009) [96] used multiscale Gabor filters and a Gaussian mixture model (GMM)/ SVM 
classification system to detect vessels.  Xu and Luo (2010) used adaptive local thresholding to find 
candidate vessels, which are then classified using SVM.  Marin et al. (20011) [97] used gray level 
and moment invariant features fed to a neural network (NN) for vessel pixel classification.   
 Unsupervised methods attempt to classify vessels without the input of ground truth.  They look 
for patterns in data that allows for the separation of classes.  Salem et al. (2007) used the radius 
based clustering algorithm along with partial supervision to segment blood vessels.  Bhuiyan et al. 
(2007) [98] use a bank of Gabor filters to describe texture features in the image and a fuzzy-c 
means clustering for classification.  Kande et al. (2009) [99] used illumination correction and 
matched filter responses with a spatially weighted fuzzy-c means clustering to threshold the 
vasculature.  Ng et al. (2010) [100] proposed using the maximum likelihood of scale space 
parameters to a vessel model based  on a Gaussian profile.  Bankhead et al. (2012) [45] proposed 
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the use of the wavelet transform as vessel enhancement which is then thresholded to get a 
preliminary segmentation, which is then refined through a gradient analysis.   
 Other methods for vessel segmentation include those related to matched filters, vessel tracking 
and multiscale approaches.  Some of the methods have been used in conjunction with classifiers 
as seen in the previous sections.  A quick mention of some these methods follows: 
Matched Filters:  methods have incorporated multi-threshold probing [101], [102], 2D Gaussian 
matched filters [103], [104],[105], Laplacian of Gaussian filtering [106] and phase concurrency and 
log-Gabor filtering [107]. 
Vessel Tracking:  methods include recursive tracking [108], [109], matched filter based tracking 
[110] and model based tracking [111].  
Multiscale:  methods include Hessian eigenvalue decomposition [44], maximum principal 
curvature [112] and multiscale line tracking [113]. 
Modelling:  methods include laplacian profile modelling [114],snakes [115], ribbon of twins 
[116]and level sets [117].            
2.5.3  Key point detection 
Two types of methods exist for key point extraction from the retinal vasculature, tracking based 
and vessel segmentation based.  In this context, tracking refers to the spatial tracking of points 
along vessel segments as opposed to the more common definition of tracking movement over 
time.  Tracking methods generally rely on seed points to begin working through the vasculature 
to find key points.  They rely heavily on these seed points and can be computationally expensive.  
Vessel segmentation methods rely heavily on the accurate results of the vessel segmentation step.  
A skeleton is made of the vessel segmentation and rules are followed to determine crossings, 
bifurcations and branches.  Grisan et al. (2004) developed an automatic tracking system for key 
point detection.  Seeds are automatically dispersed on the vasculature.  From the seeds, the 
method moves along the vessel extracting center points, width and directional information.  When 
tracking reaches a key point, a circular area around the point is analyzed to determine the type of 
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key point it has encountered.   Also in 2004, Tsai et al.  developed a model based method for 
estimating crossover and bifurcation points.  After tracking, position refinement and region 
exclusion are used to omit traces and combine center line points based on location and 
orientation.   
 In 2002, Martinez-Perez et al. [118] proposed a semiautomatic method derived from a vessel 
segmentation.  A vessel skeleton is created from morphological thinning of the vessel 
segmentation.  Aeries of rules are used to correct for misleading points (crossover points that 
appear to be 2 branching points close together).   Other methods have attempted to deal with this 
issue by incorporating local information at every key point to determine the type, including using 
rotationally invariant masks along the centerline [119]  and angle and width information such as 
in Martinez-Perez [120].      
2.5.4  Vessel width measurement 
While vessel width is a quantification metric unto itself, it typically only needs the information 
from the vessel segmentation step to be performed.  Many methods for vessel segmentation 
include vessel width measurement as part of the procedure.  In 1994, Zhou et al.  [110] proposed 
a method for width estimation based on the intensity profile of a Gaussian model.  In the same 
year, Rassam et al. developed an algorithm for measuring the half height points on each side of a 
centerline point on a vessel.  The full width half max is he distance between these two points.  
Lowell et al.  (2004) [121] developed a measurement based on a difference of Gaussian model.  
This method is able to model the light reflex in if it is present.  Otherwise the normal Gaussian 
model is used in its place.  In 2008, Bhuiyan et al. [122] used adaptive region growing to detect 
the edges of vessels and an unsupervised texture classification to detect vessel centerlines.  From 
the centerline, a rotationally invariant mask is used to find the shortest length between edge 
points.                
2.5.5  Artery/Vein classification 
31 
 
Artery vein classification is another important step for calculating vessel quantification metrics.  In 
Fig. 2.10, AV classification comes as the last step before making most of the retinal vessel 
measurements.  This is a difficult step due to the needed accuracy of previous step to create an 
accurate account of the vessels and key points.  Errors in these steps will propagate forward and 
give faulty results in the vessel measurements.  In 2002, Chrastek et al. [123] developed a fully 
automated system that used the red channel information at crossing to classify segments. Grisan 
et al. (2003) [124]  found that features relating the variance of the red channel and mean of the 
channel were particularly discriminative. They calculated these features in quadrants around the 
optic disc.  The group later moved to calculation using the strength of the central reflex as the 
discriminative feature [125].  Rothaus et al. 2009 [126] developed a semi-automated method 
based on a set of rules propagated from a few labelled vessel segments.  The rules are based on 
anatomical features of the vessels (ex. aƌteƌies doŶ͛t Đƌoss aƌteƌiesͿ.  Nieŵeijeƌ et al.  ;ϮϬϭϭͿ [127] 
combined their previous methods in vessel segmentation, optic disc detection and vessel width 
measurement for AV classification.  This is only performed in the AV ratio region described in the 
following section.  Features are extracted for vessel centerline pixels and classified based on the 
median label for each segment.  Zamperini et al. (2012) [128] looked back at previous works to 
determine what features have worked the best in separating arteries and veins.  They found that 
a mix of features related to color and contrast both inside and outside the vessels and positional 
information gives the best classification results.  In 2015, Eppenhof et al.  developed a method for 
AV classification based on graph cut optimization.    Local and contextual information is extracted 
from the vessels and integrated into an energy function which is then optimized.        
2.5.6  Artery/Vein ratio (AV ratio) 
AV ratio is a fairly straight forward calculation once the rest of the information has been gathered 
from the image.  In 1999, Hubbard et al. [129] laid out the basis for standards in calculating AV 
ratio based on earlier work by Parr in 1974 [130].  The Parr-Hubbard formula estimated the central 
retinal artery and vein equivalent (CRAE, CRVE).  This was updated in 2003 by Knudtson which 
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made slight adjustments to the formula [131].  The protocol includes centering on the optic disc 
and performing the analysis in a donut region one half a disc diameter to one and a half disc 
diameters away from the optic disc.  In this region, the widths of the arteries and veins are 
calculated and a form and plugged into the CRAE and CRVE formulas.  The AV ratio is then the 
ratio of these two values with values farther from one being more suspect.    
2.5.7  Arteriovenous nicking quantification (AV nicking) 
There has been much less work in the area of AV nicking and more specifically the signs that make 
up AV nicking.  This is due to the difficulty of quantification and the previous lack of high quality 
imaging that is now abundant.  We have found two other methods for AV nicking quantification.  
In 2013, Nguyen et al. [120] developed an automated method for AV nicking assessment.  The 
system consists of vessel segmentation and crossover point detection systems previously 
developed to isolate the areas of interest.  The vein widths at the crossing are calculated directly 
from the vessel segmentation, which uses global threshold values.  In 2014, Roy et al. [132] 
improved upon the method by replacing the vein widths from the segmentation with local 
intensity and gradient information.  Neither of these methods attempted add in the angle 
information associated with the Salus sign in AV nicking, an effect we think makes AV nicking a 
more robust and reliable metric. 
2.5.8  Tortuosity measurement 
 Several methods for retinal vessel tortuosity quantification have been developed over the years.  
One of the earliest metrics was proposed by Lotmar et al. in 1979 [133].  The metric, known as arc 
to chord ratio, is simply the ratio of the distance between the vessel end points and the distance 
along the entire curve.  This method has been popular due to its simplicity, but several studies 
have shown that the method would produce similar tortuosity scores for in vessels that humans 
perceive as varying widely in tortuosity [134], [135].  Several methods proposed to improve upon 
this metric.  Bullit et al.  (2003) [136] introduced inflexion points into the measurement as a 
multiplicative term to the arc to chord ratio.   Also in 2003, Grisan et al. [135] improved upon the 
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arc to chord method by implementing the inflexion point method with a slight twist.  The arc to 
chord ratio is calculated for every curve in the vessel and summed (rather than over the entire 
vessel) while incorporating the number of curves and overall length of the vessel into the 
calculation.  The normalization over the length of the vessel is what makes this known as a 
tortuosity density metric. This method has been one of the best performing methods since its 
inception, but a recent study has shown that it can be susceptible to non-ideal sampling rates 
[134].  On a different line, Chandrinos (1998) [137] proposed a method for tortuosity estimation 
based on local direction variation, computing the average of the angle change between sample 
points along the vessel path.  In 1999, Hart et al. [138] came up with a series of integral curvature 
metrics for tortuosity quantification.  The idea being that the integral measures would measure 
the variability of the vessel direction.  They also incorporated the chord length into their 
calculations to normalize for the length of the vessel.  In 2006, Azegrouz et al. [139] expanded on 
oŶe of Haƌt͛s ŵeasuƌes ďased oŶ loĐal Đuƌǀatuƌe ďǇ addiŶg the thiĐkŶess of the ǀessel iŶto the 
equation.  This work was expanded upon in 2010 by Trucco et al. [140], which showed evidence 
for vessel caliber playing a role in tortuosity.  Dougherty et al. (2000) [141] quantified arterial 
tortuosity based on the second difference of the vessel centerline.  The method is sampling 
independent and similar to calculating the net total curvature of the vessel.  Similar to the 
methods in Hart et al., Patasius et al. (2005) [142] proposed a method based on the integral of the 
squared derivatives of curvature, thought to capture directional change information in the curves.  
In 2013, Bribiesca et al. [143] came up with a method known as slope chain coding (SCC).   The 
method approximates a vessel centerline as a piecewise linear curve and calculates the slope 
change between adjacent line segments.  The summation of the absolute value of these slope 
changes is the final metric.  The metric has been shown to vary depending on the frequency of 
sampled slope points.             
 
2.6 Conclusions 
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This chapter has presented the background knowledge necessary to the understanding of retinal 
vessel quantification with respect to hypertensive and diabetic retinopathies.  The disease 
pathologies in terms of biological processes and image level presentations have been described 
as well as the most common methods for imaging and diagnosis.  The typical retinal vessel 
measurement framework was described along with popular methods for achieving each step in 
the process.  Finally, an in depth literature review of the main thesis topics of optic disc detection, 
AV nicking and tortuosity measurement were presented.  The following chapters will present the 
proposed methods and results for the detection and quantification of these three important steps.    
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Chapter 3 
Optic Disc Detection 
 
The optic disc is the bright circular region of the retina that houses the optic nerve head and is the 
entrance point of the main retinal artery.  In this chapter, we propose a novel method for the 
detection of the optic disc.  This chapter is based on the following publication: 
     Wigdahl, J., Guimaraes, P., Ruggeri, A., A Shortest Path Approach to Optic Disc Detection in 
Retinal Fundus Images, Journal of Modelling in Ophthalmology, Vol. 2 2016 (Accepted) 
3.1 Introduction 
The optic disc (OD) is one of the most important features of the retina and appears as a bright, 
yellowish oval.  The size of the OD varies among adults with an average of 1.88 and 1.77 mm in 
the vertical and horizontal diameters [144].  It is the entrance point for blood vessels into the 
retina and the exit point for ganglion cell axons, which form the optic nerve upon leaving the eye.  
Detection of the OD can aid in the detection of other retinal landmarks such as the fovea and 
retinal arcades, which share geometric properties with the OD.   Further, analysis of the optic cup-
to-disc ratio can aid in the diagnosis of glaucoma while analysis of the OD boundary can be 
important for swelling of the OD in papilledema.  Neovascularization at the disc is an important 
sign in proliferative DR. Masking the OD out of the image can also be helpful as it removes a bright 
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area with sharp contrast that could be falsely detected as vasculature or pathology.  Studies have 
shown that during a retinal imaging session, two images per eye are generally sufficient to capture 
signs of sight threatening disease [29],[145].  A field 1 image (based on the ETDRS seven fields of 
view) and field 2 image which are optic disc centered and macula centered respectively, with the 
optic disc on either the right or left side of the image depending on the eye being imaged [146].    
 The literature review showed that OD detection is a problem that has been worked on for many 
years and that the methods can be broken down into the OD features chosen for analysis.  Many 
methods exploit the brightness of the optic disc, as it should be the brightest region in the image.  
In normal cases, this is generally true, but different lesions such as exudates or cotton wool spots 
can be brighter, or non-uniform illumination across the retina can make this simply not true even 
in the normal cases.  Other methods have proposed to use the information of the vessels.  The 
main arcades exit the OD vertically before curving around the retina, forming a parabola.  Other 
methods have used the shape of the OD to use a template matching approach or the circular 
Hough transform.    Both of these types of methods will have trouble dealing with low contrast 
images or normal variants.     
 This work presents a new method for OD detection in retinal images that converts the retinal 
image to a graph and calculates the shortest path between selected points in the periphery of the 
image using edge weights calculated from a vessel enhanced image.  Through the calculation of 
seǀeƌal shoƌtest paths ;usiŶg Dijkstƌa͛s shoƌtest path algoƌithŵ [147]), the algorithm is able to 
detect the vascular origin and thus the OD location, after refinement using a combination 
template matching / vertical edge detection technique.  Dijkstƌa͛s shoƌtest path algorithm has 
been used in many image processing applications [148], [149], but has not been used to our 
knowledge to detect the OD in this way.  The method is evaluated on 3 publicly available datasets 
containing a total of 1329 images of varying levels of pathology and image quality and has a 
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combined detection rate of 99.40%. These results show that the algorithm is robust and 
comparable with other state-of-the-art methods for OD detection.   
 The rest of the chapter is organized in the following manner: in Section 3.2, the data and 
methods are described. The results and discussions are presented in Section 3.3. Finally, Section 
3.4 concludes this chapter. 
3.2 Materials and Methods 
3.2.1     Datasets 
The proposed method was tested on several publicly available datasets and one in house dataset 
that combine normal images, diseased images, and varying levels of image quality.  
In-house: The in-house dataset consists of 127 images with varying degrees of image quality.  The 
images are all 45° field of view and 3168x4752 pixels.  There are no diseased images, but the set 
contains imaging artifacts such as eyelashes and bright halos as well as dark, low contrast images. 
DRIVE:  The DRIVE dataset was created to compare vessel segmentation algorithms and consists 
of 40 images (7 with mild diabetic retinopathy, 33 with no signs of disease) used to make clinical 
diagnoses [42].    The image were acquired on a Canon CR5 non-mydriatic camera at a 45° field of 
view and 768x584 pixels and were compressed into JPEG. While this dataset consists of high 
quality images with little disease, it has been used to benchmark OD detection algorithms for 
many years and is included for this reason. 
DIARETDB1: The diabetic retinopathy database and evaluation protocol consists of 89 images (5 
with no signs of disease, 84 with at least mild non proliferative retinopathy) [10].  Images were 
acquired at a 50° field of view and 1152x1500 pixels and saved in the PNG format.    
38 
 
Messidor:  The Messidor database consists of 1200 image.  All images were acquired using a 
Topcon TRC NW6 non-mydriatic camera at 45° field of view, 800 with pupil dilation [43].  The 
images were captured using 8 bits per color plane at 1440x960, 2240x1488 or 2304x1536 pixels. 
3.2.2      Methods 
This work calculates the shortest path between selected points on the periphery of a fundus 
image, based on edges weights calculated from a vessel enhanced image, to determine the 
appƌoǆiŵate OD loĐatioŶ.  The segŵeŶt ǁith the ŵaǆiŵuŵ Ŷuŵďeƌ of ͚shoƌtest paths͛ is 
combined with the results from OD template matching and the vertical Hessian component to 
localize the OD location.  Correlation values are then used as a check to determine if the location 
found is a likely OD location.  If not, an iterative process checks larger portions of the shortest path 
until conditions are satisfied or a lower bound reverts the location back to the original.  Fig. 3.1 
shows the flow of the algorithm from preprocessing through OD localization.  
3.2.2.1 Preprocessing 
All preprocessing steps are performed for vessel enhancement.  Images are resized based on the 
image resolution and the background is cropped before processing. All processing is performed 
on the green channel image due to its superior contrast between blood elements and background.  
To prevent unwanted contrast along the circular edge of the field of view, a mirroring technique 
is used to fill in the remaining black background pixels that roughly follows formula 3.0.  
ܩ௠�௥ሺݔ, ݕሻ =  {ܩሺݔ, ݕሻ,                                                                                       ݓℎ݁݊ ܩ௠�௦௞ = ͳܩሺʹ ∗ ݀�ݏݐሺ~ܩ௠�௦௞ሻ ± ݔ, ʹ ∗ ݀�ݏݐሺ~ܩ௠�௦௞ሻ ± ݕሻ, ݓℎ݁݊ ܩ௠�௦௞ = Ͳ ሺ͵.Ͳሻ 
 A mask, GMASK, of the field of view is created, with all pixels outside the mask needing to be 
mirrored. Pixel values are mirrored from the original green channel image, G, based on their 
distance from the circular edge of GMASK, with respect to the center of GMASK as seen in Fig. 3.1.  The 
sign change for x and y depends on the quadrant of the image the mirroring is being done.  A 
variation of this formula allows for the varying of the angle with respect to the center of the image 
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which allows one to pull different amounts of information from the x and y directions.  This 
removes all of the black background pixels and leaves a rectangular region for future processing.   
 
Figure 3.1 Process and example of image mirroring of the background in a retinal image.  At a 45°, 
the mirroring is 1 t 1 based on the distance from the mask boundary.  Different angles will pull 
more information from the x or y direction depending on the angle.  The purpose, however, is to 
remove the boundary between the foreground and background, making further processing easier. 
The image then undergoes illumination correction by means of background estimation.  The 
background illumination is estimated using a Gaussian low-pass filter with a large kernel as in the 
following equation. 
ܩ�௟௟ = ܩሺݔ, ݕሻ − ܩ��ிሺݔ, ݕሻ + ݉݁ܽ݊ሺܩ��ிሺݔ, ݕሻሻ                      (3.1) 
Where GLPF, the low-pass filtered version of G, is subtracted from G and the mean value of GLPF is 
then added back to create Gill, the illumination corrected image.  The largest kernel size used for 
the low-pass filter is 1/10*((rows+columns)/2). The Contrast was then normalized and enhanced using 
contrast limited adaptive histogram equalization (CLAHE), which operates on windows of pixels 
rather than attempting to equalize the histogram of the entire image at once [150].  When 
performing adaptive histogram equalization under a relatively small intensity range, noise can be 
amplified and/or artifacts can appear in the region.  Contrast enhancement is directly proportional 
to the slope of the cumulative density function (CDF) at that intensity (this is equated to the height 
of the histogram at that intensity).  Therefore, to limit contrast enhancement in areas of the CDF 
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with a sharp slope, we can clip the histogram of that region at a predefined value.  An example is 
shown in Fig. 3.2. 
 
Figure 3.2 Example of the clipped region of a histogram being redistributed evenly through the 
histogram.  This will push the height of the histogram above the clip limit again, so it advantageous 
to choose a value slightly lower than the value needed. Image provided by [12]. 
The clipped area of the histogram should then be redistributed evenly throughout the histogram.  
This will push the height of the histogram over the value chosen for the clip limit, so it is 
recommended to choose a value slightly lower than the desired contrast limit to counteract this.  
This method has been very useful in medical imaging, where there can be high levels of noise, 
large dynamic intensity ranges and low contrast. This method allows for the enhancing of contrast 
without overly enhancing the noise, which could be confounding to subsequent processing. For 
the purposes of this method, the tile size chosen was 8x8 pixels and clip limit of .01, which will 
increase contrast without over amplification of noise.  A visual example of the preprocessing steps 
is shown in Fig. 3.3. 
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Figure 3.3 The preprocessing steps before the vessel enhancement procedure.  The image is 
cropped and the black border is mirrored.  The background illumination is corrected before the 
contrast is adjusted. 
  
3.2.2.2 Edge weight calculation 
An undirected graph Gr(V, E) is a set of vertices and edges, where in our images V is every pixel in 
the foreground of the image and E is the set of connections between pixels. Each edge, E, can have 
an associated weight.  General values for edge weights can be some measure of distance between 
vertices or in this case, the images pixel intensity values. The edge weights are taken as the pixel 
values after performing Frangi vessel enhancement [44].  As a short explanation, Frangi vessel 
enhancement uses the eigenvalues of the Hessian 2D matrix of the image to enhance vessel-like 
structures.  The   Hessian consists of second-order partial derivatives, as shown in formula 2, which 
are generally smoothed by a simple Gaussian function. 
                                       ܪሺݔ, ݕሻ =  |ܦ௫௫ ܦ௫௬ܦ௬௫ ܦ௬௬|                                        (3.2) 
Where Dxx through Dyy are the partial second derivatives of the Hessian, H(x,y), that describe the 
gradient of the image in different directions. The amount of smoothing is controlled by the 
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standard deviation (sigma) of the Gaussian function. From the Hessian, the eigenvalues are 
decomposed and the following formulas are used to extract candidate tubular information: 
 
   
                                                         ܴ஻ = ቀ �భ�మቁଶ                                             (3.3) 
 
ܵ =  √ሺ�ଵሻଶ + ሺ�ଶሻଶ                                         (3.4) 
 
Where �ଵand �ଶ are the two largest eigenvalues, RB ƌepƌeseŶts a ͞ďloďŶess͟ ŵeasuƌe and S 
represents a second order structure measure.  These two metrics are then combined into the 
folloǁiŶg ͞ǀesselŶess͟ ŵetƌiĐ. 
 
ܫ�௡ℎሺݏሻ =  { Ͳ                       �݂ �ଶ < Ͳexp ሺ− ோ�మଶఉమሻሺͳ − expሺ− ௌమଶ�మሻሻ                                                          (3.5) 
 
Wheƌe β aŶd c are constants that control the tubular filter.  Ienh(s) is the vessel enhanced image at 
sigma value s. The enhancement is performed at multiple scales (varying the standard deviation 
of the Gaussian smoothing filter) and the maximum response at each pixel becomes the vessel 
enhanced image.  In this particular case, we want to ignore the smaller vessels and only capture 
the primary and secondary vessels in the image (This is done to lessen the possibility of false paths 
being created as we will see later).   Thus, a higher band of sigma values (16-26) were used so that 
the tertiary vessels were not enhanced.  The values from the vessel enhanced image are used as 
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the edge weights in our graph after being normalized between 0 and 255 and inverted, so that 
vessel pixels have lower weights.   We now must determine the starting and ending points from 
which to calculate the shortest paths.  The points chosen are equally spread around the periphery 
of the graph.  The image is cut into four quadrants as shown in Fig. 3.4.  Starting points in quadrants 
1 and 2 are matched with end points in quadrants 3 and 4.  Four points from each quadrant are 
matched with each point in the adjacent quadrant for a total of 32 shortest paths.  As converting 
the image to a graph and calculating the shortest paths is an expensive process, the image is down-
sampled by a factor of 4 after vessel enhancement. To calculate the shortest path between the 
selected points, Dijkstra͛s shoƌtest path algoƌithŵ is used [147].  The algorithm allows for the 
finding of the shortest path from a starting node to every other node in the graph in ܱሺ݈݋݃ሺ�ሻ ∗ܧሻ time, where V is the number of vertices and E is the number of edges.  In the attempt to find 
the shortest path to the other side of the image, the main arcades and secondary vessels will act 
as highways, directing the shortest path through the convergence of vessels at the optic disc.  As 
ŵoƌe ͚shoƌtest paths͛ aƌe ĐalĐulated, a histogƌaŵ is ďuilt up of the Ŷuŵďeƌ of shoƌtest paths at 
each point in the graph, corresponding to each pixel in the image.  The line segment that is 
maximum from the histogram will be the rough estimate of the OD location.   
3.2.2.3 Template matching/Edge detection 
The use of OD templates and vertical vessel information has been used before to detect the OD 
and has proven effective in its own right [87].  In this case, the method differs in that the 
information is combined into a single image and used only in the line segment of OD candidate.  
The line segment found from the shortest path must be narrowed to a single pixel location.  To do 
this, a combination of correlation with an OD template and vertical edge information is calculated 
in the region of interest.  The OD template incorporates the assumption that the OD is a bright 
oval region with darker vessels exiting nasally, while the vertical edge information assumes that 
the main arcades exit the OD vertically before curving into a parabolic shape.  The calculation of 
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area.  This process will continue until areas that have 60% of the maximum number of shortest 
paths have been checked.  At this point, if a better candidate has not been found, the OD location 
will revert to the original location found on the segment with the maximum number of shortest 
paths. 
3.3 Results and Discussion 
 
Results are given for the three publicly available datasets and compared with many other 
algorithms on these datasets which can be found in Table 3.1.  The results of the DRIVE dataset 
were a 100% detection rate of the optic disc.  From Table 3.1, it can be seen that many methods 
obtain these same results as these image are typically of good quality and contain very little 
disease (7 images with mild DR).  It should also be noted that correction in this dataset was 
unnecessary.  Fig. 3.5 shows a sampling of correctly detected images from the database.  A 98.88% 
detection rate was achieved on the DIARETDB1 database.  This amounts to missing a single image 
from the 89 image dataset.  That image can be seen as the last image in Fig. 3.8.  A combination 
of a dark OD and low contrast in the area had the algorithm second guess its initial estimate, which 
was just below the OD.  Correctly identified OD locations from the dataset can be seen in Fig. 3.6.  
The dataset contains 84 images with at least mild diabetic retinopathy.  Since nothing in this 
algorithm is done to depress the contribution of lesions in the vessel enhancement step, large 
numbers of lesions can occasionally create a short circuit in the shortest paths calculation, splitting 
some paths and requiring correction to properly detect the OD.  While this occurred, the algorithm 
was able to correct the OD location in each case.  The optic disc was found in 1193 of the 1200 
images in the Messidor data set for a 99.42% detection rate.  Correctly detected OD locations for 
this database can be seen if Fig.3.7.  All seven of the misses can be seen in Fig. 3.8.  The main 
reason for incorrect detection was blur, either from poor image quality or possible cataract that 
covered either the OD vessels or the main arcades from an entire hemisphere of the image.  The 
second reason for misses was bright regions near or around the OD.  These non OD bright regions 
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Pereira et al. 
2013 
100 93.25 - 
Zubair et al. 
2013 
- - 98.65 
Saleh et al. 
2014 
100 - - 
Yu, Ma & Li 
2015 
100 98.88 99.67 
Rahebi & 
Hardalaç 2016 
100 94.38 - 
Abdullah et 
al.26 2016 
100 100 99.25 
Proposed 
Method 
100 98.88 99.42 
 
  
 The algorithm was implemented in Matlab 2016a on a desktop computer (Intel i7 CPU at 3.4 
GHz and 16 GB RAM) and average run time was 32 +- 1.2 seconds per image.  This time held 
relatively constant through each dataset due to the up-sampling of the images prior to processing. 
This could be greatly reduced through code optimization and choice of programming language. 
Also, 26 of those seconds were spent calculating the Frangi vessel enhanced image to calculate 
the edge weights for the graph.  The Frangi method is not the only one that produces a vessel 
enhanced image and other methods could replace this one in order to reduce running time or 
improve results.  The number of points used to calculate shortest paths can also affect the results.  
The number chosen for this study (4 per quadrant) was based on experimentation as a tradeoff 
between results and processing time. More points could shrink the initial search region for the 
OD, but placing points too close together will only raise the processing time as these points will 
likely choose the same shortest path if they are all near the same vessel at the periphery. 
 This idea presents a global approach to vessel convergence and relies heavily on the presence 
of the main arcades being present in the image.  This usually does not occur in images where the 
field of view is less than 45 degrees.  Older datasets used for testing such as the STARE dataset15, 
which was widely used to validate OD detection methods, contains many images at a 30 degree 
field of view or less.  Since there is no convergence of vessels without the main arcades, the 
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algorithm was not benchmarked on this dataset.  However, of the 81 images in the STARE dataset, 
46 of the images meet the vessel convergence criteria as either having the main arcades present 
or were OD centered images, in which vessel convergence is assured.  In this subset, the algorithm 
was unable to detect the OD in 4 images for a 91.3% detection rate.  
 
3.4 Conclusion 
This work presents a novel method for OD localization based on the shortest path between points 
on the periphery of the image using edge weights calculated from a vessel enhanced image to 
detect the likely convergence of vessels at the OD.  The algorithm achieves results comparable or 
better than results from the state-of-the-art algorithms on the selected databases.  The excellent 
results from the Messidor database show that this method would be useful in an automated 
screening system or retinal vessel analysis system, where the processing done for vessel 
enhancement can be used both for OD detection and vessel segmentation, saving overall 
processing time.         
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Chapter 4 
Arteriovenous Nicking Quantification 
 
AV nicking quantification is important sign in hypertensive retinopathy and can be subdivided 
into two phenomena, the Gunn sign and the Salus sign.  This chapter presents a novel method 
for the detection and quantification of these two signs based on the following publication:  
 Wigdahl, J., Guimaraes, P., Leontidis, G., Triantafyllou, A., Ruggeri, A., Automatic Gunn and 
Salus sign quantification in retinal images, Proceedings of the Annual International Conference of 
the IEEE Engineering in Medicine and Biology Society, EMBS, 2015. 
4.1 Introduction 
Hypertension affects nearly 70 million American adults and approximately 970 million adults 
worldwide [151].  Eleǀated ďlood pƌessuƌe puts stƌess oŶ the ďodǇ͛s ďlood ǀessels, often causing 
damage that can lead to a blockage or rupture.   These vascular changes also affect the retina, the 
sum of which are known as hypertensive retinopathy [152].  The focus of this work is on one 
specific sign known as arteriovenous (AV) nicking.   Thickening of the arteriole wall and/or sclerosis 
are thought to compress the vein at a crossing point, impeding blood flow, causing a tapering of 
the ǀeiŶ at the ĐƌossiŶg.  This tapeƌiŶg is ĐoŵŵoŶlǇ ƌefeƌƌed to as GuŶŶ͛s sigŶ.  The pƌessuƌe fƌoŵ 
the artery can also displace the vein at the crossing, causing the vein to enter and exit the crossing 
at a 90° angle.  This phenomena is commonly referred to as the Salus sign [153].  Fig. 4.1 shows 
examples of crossing that show one or both signs, highlighting the tapering and displacement. 
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Figure 4.1 Two crossings show signs of AV nicking.  Left Image:  The crossing is deflected (Salus 
sign) from the original course and shows tapering as it enters the crossing (Gunn Sign).  Right 
Image:  Deflection of the vein (Salus Sign). Image Contrast makes any sign of tapering difficult to 
visualize. 
 
 Crossing abnormalities are a grade 2 sign (1-4 scale) on the Keith-Wegener-Barker hypertensive 
retinopathy grading scale [76].  To our knowledge, there is no standard for grading the severity of 
crossing abnormalities.  Typically, AV nicking is a binary marker added to the larger hypertensive 
grading scale.  However, AV nicking is a major factor in the development of branch retinal vein 
occlusions (BRVO) [154].  Quantification of AV nicking may be important to the prediction of 
development to more serious conditions such as this.  Further, as Fig. 4.1 shows, both signs are 
not always visibly present.  Although at this time there is no evidence that quantifying the signs 
separately holds any clinical value, it may help to identify more abnormal crossings that may be 
missed due to poor contrast in the region. 
 In this work, we present a method for the quantification of the Gunn and Salus sign at retinal 
arteriovenous crossings.  After a crossing is found (by automatic or manual means), the vessels in 
that area are segmented using the method introduced by Frangi [44] which has been previously 
discussed in chapter 3.  The four corners of the crossing are detected by way of distance 
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transformation and used to create a bounding box to separate the four vessel segments.  Color 
intensity features and vessel profiles are used to determine the artery from the vein.  Vessel 
widths are then measured using a monodimensional matched filtering technique.  These widths 
are used to determine the Gunn sign while the angles created at the corners of the bounding box 
are used to determine the Salus sign.  The results are then compared with the findings of graded 
crossings from two datasets. 
 The rest of the chapter is laid out in the following manner: In Section 4.2, the data and methods 
are described.  The results and discussion are presented in Section 4.3.  Finally, Section 4.4 
concludes the chapter. 
4.2 Materials and Methods 
4.2.1     Data description 
Private Dataset: Images were acquired from the 3rd Department of Internal Medicine, 
Papageorgiou Hospital, Aristotle University of Thessaloniki, Thessaloniki, Greece.  A group of three 
doctors (two hypertension specialists and one ophthalmologist) chose a set of five crossings that 
they agreed showed both the Gunn and Salus signs, backed by the analysis of fluorescein 
angiography images.  These five crossing are joined by a set of five normal AV crossings for 
comparison.  Images were captured at a 45° field of view at 2912x2912x3 pixels.  Images were 
then cropped to 250x250 pixels roughly centered on the chosen crossing point.  This was meant 
as a pilot study and proof of concept to show the feasibility of making these measurements.     
Public Dataset:  The public dataset contains a set of 90 crossovers taken from 47 high resolution 
images obtained from the Blue Mountain Eye Study [45] and the Singapore Malay Eye Study [46].  
The resolution of the images from each study 3888x2592 and 3072x2592 respectively.  The 
crossing were graded on a scale of 0-4.  From these 90 crossings, a set of 63 (32 normal 31 
abnormal) were chosen based on their image quality and proximity to the border of the image 
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(these issues can affect the segmentation at the crossing).  This left only images graded on a scale 
of 0 – 3 (only one crossing in the entire dataset was graded a 4).      
4.2.2     Methods 
This section describes the steps in the Gunn and Salus sign quantification algorithm.  The Gunn 
sign, a unitless quantity, is calculated as a ratio between the vein width near a crossing and the 
width farther away from the crossing.  The Salus sign is measured as an angle difference of the 
vein going into and coming out of a crossing.  To measure these signs, several steps are followed 
and expanded upon in the following sections.  The assumption made is that a crossing point has 
already been found either manually or through previous automatic steps.     
4.2.2.1 Preprocessing 
From the selected crossing point, a 250x250pixel area of interest is cropped from the image.  This 
cropped area is preprocessed by contrast enhancement (CLAHE chapter 3) and illumination 
correction.   For illumination correction, a standard morphological top-hat procedure is used on 
the inverse of the green channel image patch, which subtracts the morphological opening of 
image from the original [155].  Formula 4.1 shows the procedure: 
ܶሺ݃ሻ = ݃ − ݃   ⃘ ܾ                                                                     (4.1) 
Where g is the green channel image, b is a grayscale structuring element and    ⃘ is the opening 
operation.  The opening operation itself is shown in formula 4.2: ݃    ⃘ ܾ = ሺ݃ ٓ ܾሻ ْ ܾ                                                                  (4.2) 
Where the opening operation, ݃    ⃘ ܾ, is the erosion, ٓ, of grayscale image g by structuring 
element b followed by the dilation, ْ, by that same element.   The top-hat transform of g, 
T(g), is then the image minus the morphological opening of the image. For this algorithm, a 
disk shaped structuring element with a diameter of 15 pixels is used.  This will enhance bright 
structures that are smaller than the structuring element, of which the vessels qualify.  Finally, 
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the image patches are also slightly blurred using a small Gaussian low-pass filter of size 3x3 and 
standard deviation of 1.  It should be noted that the size of the structuring element and low-pass 
filter are dependent on the image resolution and would need to be scaled up to accommodate 
higher resolution images. 
4.2.2.2 Vessel segmentation 
 The well-known multi-scale vessel enhancement method proposed by Frangi [44] is used to 
segment the vasculature.  The process is the same as in chapter 3 but will be briefly summarized.  
The eigenvalue decomposition of the Hessian is computed at different scales (convolution with a 
Gaussian of varying sigma values).  These scales should cover the width of the structure one is 
looking to enhance.  For this work, the sigma range was from 4-ϭϬ. The ͚ǀesselŶess͛ of a piǆel is 
deteƌŵiŶed ďǇ tǁo ŵetƌiĐs kŶoǁŶ as ͚ďloďŶess͛ aŶd ͚seĐoŶd oƌdeƌ stƌuĐtuƌeŶess͛ (formula 
3.3,3.4).  The blobness metric is the ratio of the 1st eigenvalue to the 2nd.  The second order 
structureness is the square root of the sum of the squared eigenvalues.  Vesselness is then 
determined by a combination of these metrics as shown in formula 3.5.  The maximum value is 
found across all scales, forming a vesselness image.  A threshold is applied to the image to create 
the segmented vessel image after small morphological corrections to fill small holes and omit 
small disconnected segments.  The vessel segmentation is used to remove the vessel crossing 
section and is described in the next section. 
4.2.2.3 Crossing segmentation 
 Once the vessel segmentation is found, a distance transformation is applied to the binary image 
with respect to the coordinates of the found crossing point.  A search is then performed to find 
the corners of a bounding box that covers the entire crossing.  The distance transform assigns a 
value to each pixel based on its distance to the origin.  The vessel pixels are assigned a value of 
255 (higher than the maximum distance).  A search is then performed to find the closest nonzero 
valued distance pixel in each direction starting from the crossing coordinates.  Lines are projected 
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out from the origin at different angles, the lowest nonzero value for each angle is recorded, and a 
plot is made of these values.  The centers of the four troughs represent the coordinates of the 
corners of a bounding box covering the crossing.  Fig. 4.2 shows an example of this process from 
vessel segmentation to crossover identification.  In order to accurately determine the troughs in 
the graph, line segments must be projected to represent as many angles as possible.  This is to 
insure that a trough is not missed between vessel segments that are very close together.  We 
found that using a projection every 5 degrees was adequate to capture the troughs without overly 
redundant information being calculated. 
 
Figure 4.2 The process for determining the bounding box for the crossover.  A vessel segmentation 
is performed.  A distance transform is applied to the image and a search is performed for the four 
corners, which will appear as low points on the graph.   
 
4.2.2.4 Artery/vein classification 
Removing the crossover from the vessel segmentation separates the four segments coming in and 
out of the crossover.  With the lack of global information to inform the process, to differentiate 
the artery from the vein, the mean RGB intensity values are calculated for each segment as well 
as average cross sectional profiles. In general, the arteries are lighter in color (difference between 
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visualization of oxygenated and deoxygenated blood) and often display a bright central reflex, 
both of which can be seen in the example in Fig. 4.2.  Since we know that this is a crossing point, 
segment pairs across from each other will be of the same class so the information can be combined 
leaving only two possibilities for classification.  We have only two main features, so a rule-based 
approach is employed.  Since the bright central reflex is not always present (or can be present in 
the vein as well), the first is based on the mean intensities.  If a clear distinction can be made, 
there is no need for a further check.  If the intensities are close, the intensity profile is checked to 
make the final determination. 
 4.2.2.5 Vessel width measurement and angle detection 
We are now working only with the vein segments.  These segments are skeletonized and 
converted to a graph representation.  From the points on the skeleton, beams are sent from the 
origin to the edges of the skeleton.  This is done at 12 degree increments counterclockwise to 
capture the distance information to the edge at each interval.  The crossing is put back into the 
segmentation so not to bias measurements near the crossing.  The beam with the shortest path 
is considered the line perpendicular to the vessel centerline.  The centerline point is then updated 
as the midpoint between the edges of the beam and the angle is recorded for use in Salus sign 
quantification.  The length of the beam also provides a starting point for vessel width estimation.  
To estimate the widths, a monodimensional matched filter is applied perpendicularly (based on 
the local directional information) to the profiles along the vessel axis [156].  The starting filter size 
is based on the beam length previously recorded at each point.  The one dimensional matched 
filter then begins inside the vessel profile, where the response will be maximum and moves 
outward.  The border points are extracted when the filter response reaches a previously 
determined set threshold.  Formula 4.3 shows the matched filter response (MFP) as a function of 
the profile, FP with caliber c, convolved with the filter kernel at scale EC, the estimated caliber.         
ܯܨܲ�ሺ�ሻሺݔሻ = ܨ �ܲሺ�ሻ ٔ  ݇݁ݎ݈݊݁ா஼ሺ�ሻሺݔሻ                                           (4.3) 
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If the responses do not meet the threshold or begin below the threshold, the estimate the starting 
caliber is adjusted to compensate.  The process is visualized in Fig. 4.3.  With the vessel width and 
angle information at our disposal, we can now calculate the Gunn and Salus signs.  
 
Figure 4.3 The vessel width and angle detection approach.  (A) The vessel centerline is 
approximated from the vessel segmentation.  (B) Beams search for the shortest distance to the 
vessel edge to determine initial an initial width estimate and correct centerline.  (C) The vessel 
profile along the blue line in F.  (D) The matched filter and (E) filter response.  (F)  Image with 
selected profile and found edge points. 
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Gunn and Salus calculation 
 The Gunn sign is a measure of the tapering of the vein at a crossing point.  Fig. 4.4 shows an 
idealized example with measurement points associated with formula 4.4.  To measure this 
tapering, an average vessel width value near the crossing and an average value farther from the 
crossing must be determined. 
 
Figure 4.4 Idealized example of the Gunn sign.  To determine, the caliber near the crossing and 
away from the crossing must be calculated.  The value L1 is the distance from the beginning to the 
end of the tapering, but does not factor into the equation except as cutoff points between the near 
and far width measurement.  Image from [157]. 
 
݃� =  ஼��+஼��஼�ೝ+஼�ೝ                                                                                  (4.4) 
  
 Where Cic and Coc are the vessel calibers near to the crossing and Cir and Cor are the vessel 
calibers farther away from the crossing. The length, L1, for Fig. 4.4 represents the length of the 
tapered section.  This is different for each crossing, but for standardization, the mean of the five 
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closest points from the graph representation of the vessel on each side of the crossing are used 
for the close caliber calculation, while the rest of the points are used for the far caliber calculation. 
  
 
Figure 4.5 The Salus sign quantification.  The difference between the angle into and out of the 
crossing is summed and averaged to give the score.  Image from [157]. 
 The S shape of the Salus sign can be represented by three angle values.  These are the average 
direction of the two vein segments going in and out of the crossing, and the direction at the 
crossing.  This is visually shown in Fig. 4.5 and mathematically shown in formula 4.5.   
ݏ� =  .5 ∗ ሺܽଵ + ܽଷሻ                                                          (4.5) 
 
   Where a1 represents the difference between the angle at the crossing of the vessel with the 
average angle along the vessel going into the crossing.  a3 represents these same values leaving 
the crossing.  This average difference is then computed from these values. 
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between the two groups on this limited data set.  However, it is uncertain as to the importance of 
each individual sign.  Whether they can be combined in some manner or thresholded separately.  
Since the gradings are binary, thresholds should be set for classification purposes.  Setting a 
threshold of .89 for the Gunn sign and .22 for the Salus sign would yield one false positive and one 
false negative.  Fig. 4.7 shows both of these misclassified images along with the most ͚aďŶoƌŵal͛ 
aŶd ͚Ŷoƌŵal͛ Đases.  EǀeŶ iŶ high ƋualitǇ iŵages, the aƌea aƌouŶd the ĐƌossiŶg ĐaŶ haǀe loǁ 
contrast, leading generally to overestimations of the vessel width at the crossing.  This 
overestimation can also affect the calculated angle into the crossing as well.  For this reason, a 
small buffer is used to avoid the closest points to the crossing.  For these calculations, the first 3 
points closest to the crossing are discarded.  However, it is still likely that the misclassified images 
suffered from an overestimation of the width at the crossing. 
Table 4.1 Gunn and Salus sign results for the 10 crossing under investigation.  Gunn sign is 
unitless and the Salus sign is in radians. 
Crossing Gunn 
Sign 
Salus 
Sign 
NormalCrossing1 0.89 0.17 
NormalCrossing2 1.08 0.14 
NormalCrossing3 0.90 0.18 
NormalCrossing4 0.91 0.32 
NormalCrossing5 0.94 0.15 
AbnormalCrossing1 0.71 0.39 
AbnormalCrossing2 0.92 0.23 
AbnormalCrossing3 0.67 0.29 
AbnormalCrossing4 0.88 0.27 
AbnormalCrossing5 0.70 0.28 
 
  The second dataset was graded differently than the first.  While crossing signs are normally 
binary, the dataset proposed grading on a severity scale from 0 - 3.  It is unclear where this severity 
scale came from, but it should be noted that the authors were only interested in the Gunn sign 
when it was proposed.  Rather than attempting to classify the crossing, we instead looked to see 
if there was any separation between the nicking signs and the grades.  Fig.  4.8 shows a series of 
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box plots looking at only the Gunn sign with respect to the ground truth grades.  The boxplots 
were split by the grouping the grades.  The first boxplot shows each grade separately.  Normal 
crossings had a mean Gunn sign of .956 with a standard deviation of +- .071.  The difference 
between the grade 0 crossings and between each abnormal grade was significant (p < .05).  This 
could not be said for the three abnormal grades.  Although grade 1 crossings had a higher Gunn 
sign than grade 2 and 3 crossings, the difference was not significant.  We then grouped the grade 
levels in two ways.  First we grouped grade 0 and grade 1 crossings and compared against the 
grouped grade 3 and 4 crossings.  These two groups (.94 +- .07, .83 +- .09) were found to be 
significantly different (p < .001).  This can also be said when grouping all abnormal grades against 
normal crossings (p < .001).  These significant differences did not show up in the Salus sign 
hoǁeǀeƌ.  Theƌe ǁas Ŷo statistiĐal diffeƌeŶĐe ďetǁeeŶ the gƌade leǀels.  This isŶ͛t to saǇ that the 
sign is not important.  It likely shows that the ground truth did not take this sign into account as 
well as the difficulty of properly measuring the sign, since some normal vessel direction changes 
can be picked up in the calculation.  It may also be that the Salus sign should be used more as a 
baseline measurement and compared against in subsequent imaging sessions to see the changes.  
All results are summarized in Table 4.3. 
 There are other factors that can contribute to errors in the calculations.  The most important 
and likely is an error in the vessel segmentation.  Generally this is attributed to the quality of the 
image.  Another factor is the angle at which the crossing takes place.  If the vein and artery are 
nearly parallel, it is difficult for segmentation algorithms to differentiate between the vessels, 
which can also lead to segmentation errors.  One other likely segmentation error can come from 
a strong central reflex on the artery.  
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Table 4.2 Average and standard deviation for normal and abnormal crossings for both the Gunn 
and Salus sign.  Gunn sign is unitless and the Salus sign is in radians. 
 
 The algorithm runs a single image using a single core MATLAB (The Mathworks Inc., Natick, MA) 
implementation in 3.4 +- .3s on an Intel Core i7-4770 CPU (Intel Corporation, Santa Clara, CA) at 
3.4 GHz. 
 
Figure 4.7 A sampling of the crossing and visual results using the algorithm.  Abnormal Crossing 2 
appears to be a normal crossing from the fundus image.  However, the graders were presented 
with the fluorescein angiography images as well. 
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crossing as well as groupings of classes for the Gunn sign.  The Salus sign did not shows these 
differences, but this could be for a number of the reasons previously stated.  There is still a lack of 
knowledge as to the importance of the degree or severity of these signs.  As of now, they are 
generally considered binary classification for an ophthalmologist, but future studies may reveal 
the importance of Gunn/Salus scale, or whether one sign is a better predictor for BRVO and other 
advance hypertensive retinopathy signs.  The quality and resolution of the retinal images used has 
made this analysis possible.  Although no test was done, it is very likely that this method would 
fail under lesser conditions.    
 Improvements to the algorithm could be seen by automatically detecting the crossovers.  There 
are many methods to do this [119], [158], but this would have added another layer of error to deal 
with, while the accuracy of the Gunn and Salus sign calculation was the main goal of this work.  
Another improvement would be to add an image quality module to ensure the crossover is of 
sufficient quality before quantification is attempted.   
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Chapter 5 
Tortuosity Measurement 
 
Retinal vessel tortuosity can be an early indicator in diseases such as diabetes and hypertension 
as well as an important feature for determining the presence of plus disease in retinopathy of 
prematurity.   We present a comparison of many of the popular methods for tortuosity estimation 
on a new dataset and propose a new method for enhancing retina vessel curvature based on the 
following publications: 
 Wigdahl, J., Annunziata, R., Hughes, L., Borooah, S., Trucco, E., Ruggeri, A., Retinal Image 
Database for Tortuosity Estimation, ARVO 2016 
 Wigdahl, J., Guimaraes, P., Ruggeri, A., Difference of Gabor Filters as a Curvature Feature in 
Tortuosity Estimation, Proceedings of the Annual International Conference of the IEEE 
Engineering in Medicine and Biology Society, EMBS, 2016. 
 
ϱ.ϭ IŶtroductioŶ 
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Retinal vessel tortuosity can be used as a biomarker for several eye and systemic vascular diseases 
including hypertension [159], diabetes type-1 [160], and retinopathy of prematurity [161].  
Biologically, tortuosity is an adaptation of the vessels to manage a state of elevated blood 
pressure.  This results in curvature of the vessels that can be measured.  There is no globally 
accepted definition for tortuosity, but many algorithms have been proposed to evaluate tortuosity 
quantitatively [137], [138], [143], [162], which can be important for classification and progression 
of disease [163].  Clinicians grade tortuosity qualitatively, usually on a scale of 3-5 points.  While 
more than one algorithm may score particular curves accurately, there may be a single or 
combination of algorithms that correlates better with the human grader perception of tortuosity, 
who may be processing more image information than just the vessel segment under analysis, or 
may deem some curves more important than others.  This makes the performance of these 
tortuosity methods highly dependent on the clinician͛s opinion, which will inherently vary.  
Learning or feature-based methods attempt to incorporate the clinician͛s opinion into the metric 
and thus have the ability to adapt to the clinician, with the added requirement of a training or 
tuning phase.  Some comparative studies have been performed on tortuosity metrics [134], [140].  
To our knowledge, the only freely available dataset specifically for tortuosity is the RET-TORT 
dataset provided by the University of Padova BioImaging Lab [135].  The addition of new datasets 
as well as new graders would help determine the robustness of the tortuosity metrics that have 
been previously proposed.  
 In this work, we present the tortuosity results from the most widely used metrics on a new 
dataset, gathered in conjunction with Dundee University in Scotland.  We then present a new 
method for enhancing tortuosity in segmented vessels based on the difference of Gabor filters.  
Varying only the aspect ratio between a set of Gabor filters and subtracting the responses 
enhances curvature points along the vessel.  The combination of the variables that make up a 
Gabor filter can also enhance curvature differently, depending on the frequency and amplitude.  
Combining the curvature enhanced image with well-known methods for tortuosity quantification 
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creates new metrics that are adaptable to clinician opinion on tortuosity.  Results on the RET-TORT 
dataset and the newly developed dataset confirm the usefulness of the enhancement method. 
 The rest of the chapter is laid out in the following manner:  In Section 5.2, the new dataset is 
presented and common tortuosity metrics are described and evaluated.  Section 5.3 presents the 
methods for the curvature enhancement.  Section 5.4 presents the results and discussion for the 
enhancement method. Finally, Section 5.5 concludes the chapter.    
5.2 Data and Metrics 
Images for the new dataset were acquired at the University of Edinburgh, Edinburgh, Scotland 
using a Canon non-mydriatic camera at 45 degree field of view with 2048x3072 pixels and 3 color 
channels.  One macula centered image was taken for each eye in 37 patients for a total of 74 
images.  From this set of images, two clinical specialists used semi-automated software to help 
select and grade individual vessel segments [164].  The first specialist, L.H., selected the start and 
end points for each vessel segment, chose whether the vessel was an artery or a vein, and assigned 
a tortuosity value of absent, low, or high.  The second specialist, S.B., used the previously marked 
segments to provide a second, independent tortuosity grade.  Fig. 5.1 provides examples of each 
grade level where there was agreement from both graders.  The number of segments per image 
ranged from 12 to 21.   For this work, a subsample of 25 arteries and 25 veins were chosen 
randomly from each class based on the grades provided by L.H.  These vessels were then traced 
using ImageJ [165] according to the start and end points given.  The traces were then converted 
to a Matlab structure of coordinates from which the vessel can be reproduced.  The number of 
sample points per vessel range from 71 to 383.   
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Figure 5.1 Examples of vessels with different grades where the two graders were in agreement. 
The left column contains arteries and the right veins. A0 - A2 represent grades 0-2 for arteries, with 
V0-V2 for the veins. 
 
The clinical specialist agreement (Cohen͛s kappa and linear weighted kappa) was measured for 
both arteries and veins.  Table 1 shows the confusion matrix for both arteries and veins. 
Agreement was higher for veins (kappa = .73, weighted kappa = .77) in this dataset and the overall 
agreement for both arteries (kappa = .61, weighted kappa = .67) and veins is considered ͚good͛.  
In general, grader S.B. had a tendency towards higher tortuosity grades. 
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Table 5.1  Confusion matrix between Clinical Specialists for arteries and veins where S is grader 
S.B. and L is grader L.H.  There were minor disagreements between the specialists, generally 
between the two lowest grades of tortuosity. 
Vein Grades 0 (S) 1 (S) 2 (S) Total 
0 (L) 3 1 0 4 
1 (L) 0 11 2 13 
2 (L) 0 1 7 8 
Total 3 13 9 25 
Artery 0 (S) 1 (S) 2 (S) Total 
0 (L) 2 4 0 6 
1 (L) 0 10 2 12 
2 (L) 0 0 7 7 
Total 2 14 9 25 
 
ϱ.Ϯ.ϭ     Tortuosity ŵetrics 
A set of 5 methods for calculating tortuosity were chosen to mirror the methods analyzed in a 
previous study by Lisowska et al. [134].  This section provides a brief overview of these methods.   
5.2.1.1 Distance measure (DM) 
 
Figure 5.2 Synthetic example of the arch to chord ratio metric.  The red line is the chord length 
from the starting point to the end point of the vessel.  The arch length (blue line) is the distance 
following the path of the vessel. 
 
One of the first metrics to be used to measure tortuosity [133], also known as arch to chord ratio, 
the DM is described by the following equation and can be visualized in Fig. 5.2: 
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 ܦܯ =  ����                                                                        (5.1) 
ܮ� =  √(ݔሺݐଵሻ − ݔሺݐ଴ሻ)ଶ + (ݕሺݐ଴ሻ − ݕሺݐଵሻ)ଶ                                            (5.2) 
ܮ௫ =  ∫ √ݔ′ሺݐሻଶ + ݕ′ሺݐሻଶ݀ݐ௧భ௧బ                                                         (5.3) 
Where Lc is the chord length and Lx is the length of the entire vessel.  LC is simply the distance 
measured from the start of the vessel (x(t0),y(t0)) to the vessel endpoint (x(t1),y(t1)).  Lx measures 
the distance along the vessel by summing the changes along the vessel. A completely straight 
vessel will have a DM of 1.  This method is popular due to its simplicity, but has been shown to 
have shortcomings in previous studies [135].  The metric does not take into account the number 
of twists.  A vessel with one large arching curve will have the same tortuosity value as a vessel 
with many smaller curves that the clinician is likely to deem more tortuous.    
5.2.1.2 Tortuosity density (TD) 
 
Figure 5.3 The tortuosity density metric incorporates the number of twists along with the arch to 
chord ratio between each set of inflection points.  This is normalized over the length of the vessel. 
 
To build upon the DM (there were intermediary methods as well),  a new method was developed 
by Grisan et al. [135].  This method added a local element to the equation of the DM: 
 ܶܦ =  ௡−ଵ௡ ଵ�� ∑ [��ೞ���ೞ� − ͳ]௡�=ଵ                                                           (5.4) 
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Where n is the number of inflection points (zero crossings of the second derivative), Lcsi is the arc 
length of segment i, Lxsi is the chord length of segment I, and Lc is the vessel length.  This can be 
visualized in Fig. 5.3.  The TD formula considers the local contributions of each convex or concave 
vessel segment to the overall tortuosity of the segment as well as the number of inflections 
present.  The metric is normalized by vessel length (1/Lc).  The features of this formula insure that 
the value of tortuosity increases as frequency, amplitude, and number of turns increase in the 
vessel.  This metric has been shown to be accurate, but performance can suffer under non-ideal 
sampling conditions [134].  
5.2.1.3 Slope chain coding (SCC) 
 
Figure 5.4 Slope chain coding sums the absolute value of slope changes between adjacent line 
segments.  The green arrows represent the vessel broken into line segments with the red angles 
showing slope differences.  
 
Slope chain coding was proposed by Bribiesca in 2013 [143].  The method approximates a vessel 
centerline as a piecewise linear curve and calculates the slope change between adjacent line 
segments (visualized in Fig. 5.4): 
 ܵܥܥ =  ∑ |ܽ�|௡�=ଵ                                                              (5.5) 
Where n is the number of slope changes and ai is slope change of the ith segment.  Variations of 
this metric will only sum angle changes over a certain threshold such as in formula 5.4.   
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ܵܥܥ =  ∑ ሺ|ܽ�| ≥௡�=ଵ �଺)                                                            (5.6) 
In this case, the absolute value angle change must be greater than pi/6 to be included in the 
output.  This is done so that small changes and noise (things a clinician would not take into 
account) do not affect the metric. It has also been shown previously that varying n can have a 
large impact on the output [134] and must be carefully chosen.  This metric also does not 
necessarily increase as sinusoidal frequency increases.   
 
5.2.1.4 Integral curvature measures (τ3 and τ5) 
 
Figure 5.5 Integral measurement sums the total curvature along the vessel.  Metrics have looked 
at the summation of absolute curvature/ total squared curvature and normalization by arch or 
chord length. 
 
The two best performing measures integrating curvature from Hart et al. [138] were also chosen 
for testing.  The methods are defined below as and visualized in Fig. 5.5: 
 �ଷ =  ݐݏܿ                                                                  (5.7) 
 �ହ =  ௧௦���                                                                   (5.8) 
ݐݏܿ =  ∫ ݇ሺݐሻଶ௧భ௧బ ݀ݐ                                                                   (5.9) 
݇ሺݐሻ =  ௫′ሺ௧ሻ௬′′ሺ௧ሻ−௫′′ሺ௧ሻ௬′ሺ௧ሻ[௬′ሺ௧ሻమ+௫′ሺ௧ሻమ]యమ                                                          (5.10) 
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Where k(t) is the curvature of the vessel segment at t.  τ3 (tsc) is the total squared curvature of the 
vessel described by k(t).  τ5 is this same value normalized by the arch length, Lc, described in 
formula 5.2.  These curvature metrics have also been widely used for tortuosity estimation but 
don͛t necessarily follow some of the rules expected of a tortuosity metric (increasing with number 
of turns and amplitude of turns).    
ϱ.Ϯ.Ϯ Results 
Table 5.2 and Table 5.3 summarize results for each method.  For each tortuosity metric, optimal 
thresholds were chosen to split the data into the 3 groups.  This was done after the calculation, as 
there was no training step to determine thresholds beforehand.    This was done separately for 
each grader and for arteries and veins.  This may lead to an overestimation of the agreement, and 
it is recommended for future studies to perform cross validation to obtain the thresholds. The 
data Đould theŶ ďe Đoŵpaƌed usiŶg CoheŶ͛s kappa aŶd liŶeaƌ ǁeighted kappa statistiĐ.  The 
highlighted results show the best outcome per column.  The results show that several metrics are 
joint best for performance in each category.  The tortuosity density metric is the most consistent 
individual metric across both arteries and veins and both graders.  The Tau3 metric had the lowest 
agreement with the graders.  This is probably due to the varying lengths of the vessels in this 
dataset.  The Tau5 metric, which is the Tau3 metric normalized over the length the vessel, has 
better agreement across all categories.  The combination of metrics provided good results across 
all categories.  This shows that the different information being captured by these metrics can help 
to create a more robust metric. 
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Table 5.2 Agreement ďetǁeeŶ ŵetriĐs aŶd Graders.  Values represeŶt CoheŶ͛s kappa aŶd liŶear 
weighted kappa statistic. 
 Grader 1 (L.H.) Grader 2 (S.B.) 
 Artery Vein Artery Vein 
Metric k kw k kw k kw k kw 
DM 0.80 0.83 0.49 0.57 0.66 0.71 0.57 0.65 
SCC 0.68 0.73 0.41 0.5 0.71 0.74 0.41 0.5 
TD 0.66 0.7 0.80 0.83 0.62 0.65 0.6 0.65 
Tau3 0.38 0.44 0.32 0.38 0.53 0.56 0.41 0.46 
Tau5 0.65 0.7 0.41 0.46 0.59 0.61 0.49 0.53 
  
Table 5.3 Confusion matrices for all methods, graders and vessel types. 
    Grader 1 (L.H.) Grader 2 (S.B.) 
    Artery Vein Artery Vein 
    0 1 2 0 1 2 0 1 2 0 1 2 
DM 
0 5 1 0 4 0 0 2 0 0 3 0 0 
1 2 10 0 1 8 4 3 11 0 2 6 5 
2 0 0 7 0 3 5 0 2 7 0 0 9 
SCC 
0 4 2 0 4 0 0 2 0 0 3 0 0 
1 2 8 2 2 9 2 0 12 2 3 9 1 
2 0 1 6 0 5 3 0 2 7 0 5 4 
TD 
0 2 4 0 3 1 0 1 1 0 2 1 0 
1 0 12 0 1 12 0 1 13 0 2 10 1 
2 0 1 6 0 1 7 0 3 6 0 2 7 
Tau3 
0 3 3 0 2 2 0 0 2 0 1 2 0 
1 3 7 2 0 12 1 0 12 2 0 11 2 
2 1 1 5 0 6 2 0 2 7 0 4 5 
Tau5 
0 3 2 0 2 2 0 0 2 0 1 2 0 
1 1 11 0 0 12 1 0 14 0 0 11 2 
2 0 2 5 0 5 3 0 3 6 0 3 6 
 
 In general, agreement was lower between the metrics and the graders for veins.  This is 
interesting because the agreement between the graders was higher in this category.  One 
difference that may explain this is the global nature of the grading.  For comparison, ground truth 
from the RET-TORT dataset is an ordering of 30 vessels.  The graders were given two vessels 
cropped from their image to compare side by side.  This shielded the graders from using more 
information while choosing their order.  In this study, the vessels were graded as part of the entire 
image.  Graders may be influenced by other tortuous vessels in the image as well as other signs, 
such as vessel thickness.  In the hospital setting, the clinician would be combining the vessel 
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information to give an image-level tortuosity grade, or may have a certain task in mind, which may 
skew the grades given to individual vessels.  Figure 3 shows examples of some commonly 
misclassified vessels from the dataset where algorithms give lower scores than the graders.     
 
Figure 5.6 Examples of commonly misclassified vessel segments.   Algorithms generally gave lower 
scores than graders. 
 
ϱ.ϯ Methods 
The results from the previous section show that while some metrics performed better than others, 
results varied heavily between grader and the type of vessel (artery or vein).  In order to address 
these points, this section describes an adaptive method for enhancing curvature that can be 
paired with the some of the standard methods for tortuosity estimation to create metrics that can 
change based on grader input to the filters.  The method can be applied to the vessel segmentation 
after separation at key points or to simulated vessel paths built from vessel centerline points 
connected through interpolation.   
ϱ.ϯ.ϭ Curvature eŶhaŶceŵeŶt 
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The main idea of this method is to transform a binary vessel segment into one that has higher 
values at points of curvature and lower values along straight segments.  To do this, we employ the 
following family of 2D Gabor functions:  
݃ሺݔ, ݕ; �, �, �, �, �ሻ = exp (− ௫′మ+ఊమ௬′మଶ�మ ) cos ቀʹ� ௫′� +  �ቁ                         (5.11) ݔ′ = ݔܿ݋ݏ� + ݕݏ�݊�                                                             (5.12) 
ݕ′ =  −ݔܿ݋ݏ� + ݕܿ݋ݏ�                                                          (5.13) 
Where arguments x and y are the image coordinates,  λ represents the wavelength of the sinusoid, � is the orientation of the normal to the parallel bands in the Gabor function, ψ is a phase offset, 
σ is the standard deviation of the Gaussian envelope, and γ is the spatial aspect ratio.  Formula 
5.11 can be broken down into two parts.  As noted, the exponential is the Gaussian envelope that 
is controlled by the standard deviation and the aspect ratio.  The cosine represents modulation by 
a plane wave and controls the angle and wavelength of the Gabor filter.  A sample Gabor filter 
bank is shown in Fig. 5.7.   
 
Figure 5.7 A sample Gabor filter array showing changes in angle and wavelength. 
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The interesting parameter for this work is the aspect ratio which sets the ratio of the semi-major 
and semi-minor axis of the Gaussian envelope ellipse.  The feature of interest is the difference 
between a relatively typical aspect ratio used for vessel segmentation (typical value around .5) 
and a more extreme ratio (around .4) which can be seen in Fig. 5.8.  In a binary image, with all 
other parameters being fixed, the difference between the responses will be low in pixels that are 
part of long straight portions of a vessel and will be higher at curves.  This creates a curvature 
enhanced image that can be used in many different ways to create a single tortuosity value.  To 
show that this is viable, as set of tests were run using synthetic data with Gabor filter banks that 
only differed in their aspect ratios..  For a fixed width vessel, there is no need to modulate the 
wavelength of the Gabor filters.  Also, the frequency band of the filters is set to two to better 
model the appearance of vessels.      
 
Figure 5.8 Two Gabor filters.  The first shows an elongated Gaussian envelope compared with the 
second.  The width of the profile is constant in both. 
 
The first test was on a simulated straight vessel.  Normally, the vessel profile could be modelled 
with a Gaussian distribution across the vessel profile.  However, since we will be working with 
vessel segmentations, a solid binary profile will show the adequate information.  Fig. 5.9 shows 
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the results.  There is no difference between the responses except at the endpoints.  This is a 
byproduct of the process and can be negated by artificially lengthening the vessels and not 
factoring the response in that region as shown in the third image (where there is still a small 
difference, but this is due to scaling of the values). 
 
Figure 5.9 Test on synthetic straight vessel.  Response shows no difference in the body of the vessel 
with small differences at the endpoints.  This can be negated by knowing the length of the filters 
used and padding the vessels at the end points.  The middle figure shows the typical response 
without correction.  The third figure shows the response after correction by artificially lengthening 
the vessel. 
   
This shows that the enhancement has the desired effect in straight vessel regions.  We now want 
to look at the response in curves.  To do this, a synthetic sinusoidal curve was created as shown in 
Fig. 5.10.  Two different responses were calculated with different aspect ratios.  The first response 
shows increases at the curves that gets larger and peaks at the top of the curve.  The second 
response has lower responses leading up to the curve, but still peaks at the top of the curve.  This 
simulates how the enhancement can be used to adapt to different gradings.  The choice of Gabor 
filter banks can put emphasis on vessels differently, depending on the filter arguments chosen.  
For the second image Fig. 5.10, an aspect ratio of .4 and .5 were chosen.  In the third image aspect 
ratios of .9 and .95 were chosen.  The power of this can be seen well in lower amplitude and/or 
lower frequency curves (Fig. 5.11) that this method is able to ignore or highlight, depending on 
grading results. 
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Figure 5.10 Responses to a synthetic sine curve.  The first response shows the difference between 
an aspect ratio of .4 and .5.  The second response shows the difference between an aspect ratio of 
.9 and .95. The second response has lower values leading up to the curve, but still peaks at the tip 
of the curve.   
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Figure 5.11 Sine waves with different amplitudes.  The choice of aspect ratio and difference of 
aspect ratios is able to highlight the curves differently.  Middle Left – aspect ratio .9 and .95.  
Middle Right – aspect ratio .6 and .7 Bottom Left – aspect ratio .3 and .5 Bottom left – aspect ratio 
.3 and .8.   
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ϱ.ϰ Results aŶd DiscussioŶ 
ϱ.ϰ.ϭ Datasets 
Testing was performed on the RET-TORT dataset which contains vessel centerline coordinates for 
30 arteries and 30 veins [135].  The arteries and veins have been graded by a specialist that was 
asked to rank the vessel tortuosity from 1-30.  Vessel centerline points are provided and bicubic 
interpolation was used to recreate the vessel paths.  The vessel was then dilated using a spherical 
structuring element with a radius of 3 pixels.  We also performed tests using the dataset described 
earlier in this chapter.   That dataset consists of 25 arteries and 25 veins and was graded on a scale 
of 0 – 2 by two ophthalmic specialists.  The same procedure for recreating the vessel centerlines 
was used for this dataset as well. 
ϱ.ϰ.Ϯ Results 
By itself, the enhancement method does not give us a tortuosity metric.  To create a score, we 
must combine the curvature enhanced image information.  This can be done in a number of ways.  
We chose to use three as examples, but it should be noted that these are not the only methods 
that can be used:   
(1) - A simple sum of the responses along the vessel.  The enhanced image contains information 
about the curvature. Summing this information up is similar to summing the difference of angles 
along the curve or calculating the curvature based on integration as we have seen previously in 
the chapter (Eqs. 5.6, 5.7).  This method is labelled the ͚Sum͛ method. 
(2) – The sum the response over the number of vessel pixels.  Previously, we have seen many 
of the metrics normalize based on the length of the vessel.  This is similar except we are 
normalizing of the density of the vessel.  This is labelled the ͚Density͛ method.  
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(3)  Metric two augmented by the number of turns.  In previous sections we saw the use of turns 
as part of tortuosity metrics as a multiply factor, ensuring that the metric would increase as the 
number of turns increased.  Inflection points were used to determine the number of turns.  In our 
method, turns are found as local maxima along the curvature enhanced image.  One of the 
advantages of this method is being able to change the number of turns based on the filter banks 
used.  This is labelled the ͚Turn-Curves͛ method or ͚TC Gabor͛. 
 Parameters for the Gabor filters were chosen ad-hoc based on performance.  The best results 
for the three methods were found using the difference of aspect ratios of .4 and .5.  The 
wavelength, frequency band, and orientation remained constant between the two filter banks, 
with values of 15,2 and 0:2:180° (A high amount of angles were used to better represent the vessel 
paths and insure differences were due to curvature) respectively.  Table 5.4 shows the rank 
correlation for arteries and veins for the different methods proposed on the RET-TORT dataset.  
The first three entries show the rank correlation using the same filter banks for both arteries and 
veins. The highest correlation was obtained at .94 for arteries and .88 for veins using a different 
set of parameters for each type of vessel (arteries – aspect ratios of .4 and .6, veins – aspect ratios 
of .7 and .9).  This compares favorably with Grisan et al. [135], who have produced the highest 
rank-correlation results on this dataset with their tortuosity density metric described previously.  
Their results showed correlation values of .949 for arteries and .853 for veins.  Examples vessel 
paths from the RET-TORT dataset along with curvature enhancement results are shown in Fig. 
5.12, including alternate results using different aspect ratios.   
 For the newly developed dataset, we once again found that different filter banks had higher 
correlation values depending on the type of vessel, and between the different graders.  Although 
we could achieve different and sometimes better results using different filter banks for each of 
the graders, we felt this would not strengthen the results and would not be consistent with the 
RET-TORT analysis.  In a real world setting, there would be only one ground truth which would 
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arise from some sort of adjudication between the two graders.  Different filter banks were still 
used for arteries (aspect ratios of .4 and .5) and veins (.5 and .6) to achieve the best results.  Table 
5.5 shows the breakdown of correlation results between grader and vessel type.  The results from 
other methods, shown earlier in the chapter are also listed.  The TC Gabor metric produced the 
highest correlation values among the proposed metrics.  It also outperformed the standard 
metrics across vessel type and grader.  The proposed metric had highest correlation value of .87 
with grader 1 on the veins.  On average, the method had a higher correlation of .04 with the closest 
standard tortuosity metric.   
Table 5.4 Feature correlation with manual ordering on the RET-TORT dataset using several metric 
calculations.  The best results were achieved by using a different set of filter banks for arteries and 
vein as well as adapting the arch to chord ratio to include the number of turn curves. 
 
Gabor Metrics Arteries Veins 
Sum 0.910 0.783 
Density 0.901 0.819 
Turn-Curves 0.905 0.817 
Different filter banks(TC Gabor) 0.940 0.880 
 
Table 5.5 Correlation results for the proposed dataset.  The TC Gabor metric had higher correlation 
ǀalues aĐross ďoth graders aŶd ǀessel tǇpes.  Values shoǁŶ are PearsoŶ͛s liŶear ĐorrelatioŶ 
coefficients (different from Table 5.2 - treating the ordinal grades in a continuous fashion). 
  Grader 1 (L.H.) Grader 2 (S.B.) 
 Metric Artery Vein Artery Vein 
DM 0.74 0.62 0.68 0.62 
SCC 0.58 0.46 0.53 0.55 
TD 0.66 0.56 0.67 0.43 
Tau3 0.49 0.33 0.45 0.48 
Tau5 0.47 0.48 0.43 0.48 
TC Gabor  0.82 0.87 0.73 0.63 
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Figure 5.12 Curvature enhancement results for two of the vessels from the RET-TORT dataset.  The 
top left vessel enhancement for each vessel was used in the final scoring.  The choice of filter banks 
in the left vessel made little difference as the curves in this vessel are very sharp.  The right vessel 
has subtle curves that the different filter banks were either able to enhance or ignore.   
 
5.5  Conclusion 
This work presented results from part of a new dataset for testing tortuosity metrics.  A subset of 
50 vessels were chosen and results from popular tortuosity metrics were presented, separated by 
grader and vessel type.  The most stable performance across all categories for this dataset was 
the tortuosity density metric presented by Grisan et al. [135].  However, results varied widely 
between the results and the type of vessel and grader.  All metrics except Tau3 showed at least 
good agreement (k>.6) in more than one category.  The 3 point grading system, while clinically 
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relevant, makes direct comparison to studies on the RET-TORT dataset difficult.  The findings 
broadly confirmed those by Lisowska et al. [134] on an independent data set.  This work also 
presented a new feature for curvature enhancement to be used in tortuosity estimation in retinal 
vessels.  The enhancement is based on the difference of aspect ratios between Gabor filter banks.  
Results on several proposed quantification methods show good agreement with a clinical ordering 
of retinal vessels on the RET-TORT dataset and performance that outmatches the standard single 
approaches to tortuosity quantification.  The method was also tested using the proposed dataset.  
Results fell largely in line with those from the RET-TORT dataset, with correlation values slightly 
above those of the standard metrics across vessel type and grader.   
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Chapter 6 
Retinal Vessel Measurement Framework 
 
 This chapter presents the combination of the methods from the previous chapters into a 
framework for vessel analysis.  Previously developed tools at the University of Padova are 
combined and updated to include this new work.  Frameworks such as this can help clinicians add 
a quantitative analysis to their qualitative findings and can be used to track retinal vascular 
changes over time.  While the system as a whole has not been tested, many of the tools have been 
available to the public for quite some time and the semiautomatic system allows for corrections 
in the process.  This chapter is loosely based on the following: 
 Wigdahl, J., Guimaraes, P., Poletti, E., Ruggeri, A., ReVMS (Retinal Vessel Measurement System), 
ARVO 2015 
 
6.1 Introduction 
Continued increases in computer processing power and memory capabilities have led to 
sophisticated systems for fundus analysis.  Algorithms can be combined to perform all the 
necessary tasks of measuring the vasculature, detecting lesions and/or predicting diseases.  This, 
combined with the ability to store large amounts of medical data, has led to previously unavailable 
research and business opportunities.  Large amounts of publicly available annotated data has been 
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made available thanks to these advances [10].  Telemedicine screening feasibility has been tested 
in rural and remote parts of the world [166]–[168]. Countries have started to turn to automatic 
screening systems to replace parts of the screening pipeline to enhance their medical care and 
save money [169].  While disease screening generally focuses on lesion detection and/or machine 
learning, vessel analysis focuses on precise measurement.  This usually means semi-automated 
methods are employed.  This combines the ability of the computer (algorithms) to make precise 
measurements, and the ability of the human to visualize when the computer has made a mistake.  
This has led to more precise measurements, better ground truth and better monitoring of vascular 
changes.  Better ground truth can lead to better algorithms, and better monitoring can lead to 
better outcomes for the patient.    
 This work presents the combination of the algorithms presented in the previous chapters with 
previously developed algorithms and tools at the University of Padova.  The methods allow for 
user intervention at several stages of the process.  The system includes algorithms for optic disc 
detection, vessel segmentation, key point detection, vessel width measurement, tortuosity 
estimation, vessel crossover analysis and AV ratio calculation.  A sample analysis is presented step 
by step to show the entire process and a discussion of future additions is discussed.  As the system 
is a collection of algorithms (modular), the addition of new algorithms can be easily achieved for 
their testing within the system.  This will lead to an evolving system that will continually perform 
faster, more accurate analysis as more modules are developed.      
 The rest of the chapter is organized in the following manner.  In section 6.2, other retinal 
vascular measurement systems are discussed.  Section 6.3 presents the methods for our system 
with examples.  Section 6.4 presents a discussion on the system and section 6.5 concludes the 
chapter. 
 
6.2  Available Systems 
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Retinal vessel analysis frameworks have been developed by several groups and companies over 
the years.  There are several systems available for semiautomatic vessel analysis either publicly, 
for research purposes or for licensing and purchase.  Many have been developed over several 
years, combining algorithms developed at certain institutions into software packages that can be 
used for measurement by clinicians, or for data collection and ground truth.  Some specialize in 
certain types of images while other have broader use.   
  The IVAN software system was developed at the University of Wisconsin, department of 
ophthalmology and visual science and has been used to measure vessel width and AV ratio around 
the optic disc [170].  The system has been validated in many studies [131], [171] and shown to 
good agreement with manual measurement, even if these measurements can be a laborious 
process.  The computer-aided image analysis of the retina system (CAIAR) was developed at the 
department of physics and the department of ophthalmology and visual sciences at Imperial 
College London [172].  This system is also able to take width measurements as well as provide 
tortuosity scores for the vessels.  The Singapore I vessel analysis system (SiVA) was developed as 
the combination of many years of research by the Singapore Eye Research Institute (SERI) and the 
National University of Singapore [173].  This is one of the most complete systems available with 
modules covering all measurements discussed in chapter 2 as well as fractal analysis and 
branching angles.  The system is available for licensing depending on the use and has training 
courses available as well.  The ARIA system was developed by Peter Bankhead at the Centre for 
VisioŶ aŶd VasĐulaƌ “ĐieŶĐe,  QueeŶ͛s University Belfast [45].  The software consist of freely 
available Matlab functions based on his work and can be manipulated (with some knowledge) to 
fit the needs of the user.  The system performs a fast vessel segmentation and allows the users to 
choose vessel segments to analyze.  The VAMPIRE system, developed by the University of Dundee 
and the University of Edinburgh, is a growing set of vascular measurement algorithms with user 
correction capabilities [164].  The Sirius framework is a web based system which not only 
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measures tortuosity and AVR, it also quantifies lesion changes.  The system also manages medical 
records and issues reports [174].  The RetinaCAD system, developed at the University of Porto, 
provides a user interface with the ability to automatically calculate AV ratio, bifurcation geometry 
and vessel caliber among other features.  The user also has the ability to run each step individually 
or all at once [175]. A few systems have been developed with the main intention of working with 
retinopathy of prematurity (ROP).  Systems such as ROPNet [135], (developed for vessel tracking 
and tortuosity estimation in narrow field images) and ROPtool [176] (developed by Clarity Medical 
Systems for vessel width and tortuosity) were developed with these types of images in mind.   
6.3 The System         
Like many of the other systems available, ours is collection of algorithms and tools developed over 
many years at the University of Padova.  The code was written in Matlab and is not all available 
publicly yet.  The system consists of automatic optic disc detection, which can be manually 
adjusted, followed by vessel segmentation.  The vessels are then skeletonized and broken down 
into segments based on key point detection and then vessel widths and tortuosity are then 
estimated.  From here, users have the ability to choose cross over points to analyze and choose 
the vessels for AV ratio calculation.   Fig. 6.1 shows a visualization of these steps. 
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Figure 6.1 A model of the retinal vessel measurement system.  The input image is preprocessed 
and the optic disc and a vessel segmentation is found.  The image is skeletonized to and broken 
into segments based on key points.  Vessel widths are calculated as well as tortuosity for each 
segment.  Users then have the ability to pick crossover points to analyze as well as the vessels to 
use for AV ratio.  
 
 6.3.1  Preprocessing 
The preprocessing steps are the same mentioned for optic disc detection in Chapter 3.  The green 
channel image is used based on its contrast between vessels and background.  The image is first 
cropped to remove the black background outside the circular field of view.  The rest of the 
background is then mirrored to remove the sharp contrast at the borders.  Illumination correction 
then removes non-uniform background lighting and then contrast enhancement is performed 
through adaptive histogram equalization.   Fig. 6.2 shows these steps in succession. 
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Figure 6.2 Preprocessing steps for the system.  The original image (A) is cropped (B) to remove the 
excess background.  The remaining background is then mirrored (C).  Background illumination 
correction is performed (D).  Image (E) shows the cropped green channel image and image (F) 
shows the contrast adjusted image used for optic disc detection and vessel segmentation. 
 
6.3.2 Optic disc detection and vessel segmentation 
Previously, the University of Padova had methods for detecting the optic disc and for vessel 
segmentation.  The optic disc detection method developed by Foracchia et al. [81], which used a 
geometric model of the vasculature, is highly accurate and can even detect the optic disc when it 
is not present in the image (with enough vessel information).  The method looks at vessel direction 
information and fits a parabola to that information.  A vessel segmentation approach was also 
developed at the university by Grisan et al. [13].  This method is a tracking approach that is 
initiated by spreading seed points across the image and measuring cross-sectional information to 
determine centerline pixels on the vessel.  This method has the ability to determine vessel key 
points through a bubble technique that scans circular regions around a pint of interest.  While 
both of these techniques perform well, they are both expensive and take more time than a semi-
automated tool should spend on automated portions that can be corrected.  Since the algorithm 
provided in chapter 3 for optic disc detection provides the necessary vessel information to 
perform a vessel segmentation with little added processing time, it is better suited for this semi-
automated tool.    
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 The method for optic disc detection is explained in depth in chapter 3.  To get a vessel 
segmentation from this, we need to look back to the vessel enhanced image.  The vessel enhanced 
image is composed of the maximum responses from the Frangi filters applied to the eigenvalues 
of the Hessian 2D matrix.  A thƌeshold ĐaŶ ďe deƌiǀed ǀia Otsu͛s ŵethod [177] or through some 
form of adaptive thresholding(applying a different threshold to different iŵage patĐhesͿ.  Otsu͛s 
method performs clustering-based thresholding.  The method assume a bimodal histogram and 
separates the classes by minimizing intra-class variance.  After thresholding, we have a binary 
image of vessel candidates that can be cleaned up through morphological operations.  The main 
difference between the optic disc detection and the vessel segmentation is the information used 
to create the vessel enhanced image.  For vessel segmentation, we want to enhance all vessels in 
the image.  For optic disc detection, we were only interested in the main arcades and secondary 
vessels.  It was previously noted that the Gaussian standard deviations chosen make this a 
multiscale approach.  The standard deviation is directly related to the vessel size being enhanced. 
To enhance all the vessels in the image, standard deviations covering all sizes of vessels should be 
chosen.   For optic disc detection, only larger values were chosen in an effort to ignore the tertiary 
vessels.  The process for optic disc detection and vessel segmentation are shown in Fig. 6.3. 
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Figure 6.3 The difference between the vessel enhanced information used for optic disc detection 
and vessel segmentation.  The original image (A) is filtered using the Frangi method at larger scales 
(B) and over the range of vessel sizes (C).  (D) The information in B is used to detect the optic disc 
and the information in C is used to create the vessel segmentation. 
  
Users are then shown the optic disc location along with a circle representing the average optic 
disc size.  The user then has the option to move the optic disc location and adjust the circular 
boundary to better fit the optic disc (Fig. 6.4).  The optic disc mask is used for AV ratio calculation 
and remove the vessel information in the vessel segmentation.  
 
Figure 6.4 After the optic disc is found (A), the location and border can be adjusted by manipulating 
the ellipse markers (B).  The area is then used to remove vessels from the segmentation(C) and for 
AV ratio calculation (seen later). 
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6.3.3 Vessel segments and key points        
The vessel segmentation is skeletonized by thinning the vessels to a width of one pixel.  From the 
skeleton all key points are found based on the number of nearest neighbors (8 connected) the 
pixel has.  End points will only have one nearest neighbor.  Branching points will have at least 3 
nearest neighbors and crossover points will have 4.  A deeper analysis of the points is needed to 
determine actual branching and crossover points which is performed as a correction step after the 
initial segment breakdown.  Starting at the key points found, an algorithm walks back through the 
skeleton, recording locations of the pixels and local directional information until another key point 
is reached.  Each segment then undergoes spline interpolation to produce a smooth path.  Since 
each segment now has its own structure, it is easy to add new fields and keep track of all the 
information.  From Fig. 6.5, it can be seen that the vessels are not always broken down into the 
segments we would like.  For instance, a main arcade should be a single segment until a bifurcation 
point is reached.  To fix this, an algorithm that uses the local directional and contrast information 
attempts to change vessel segments that may be improperly connected/disconnected due to 
branches or small irregularities in the vessel skeleton.  This procedure was developed by Poletti et 
al. [178].  The method employs functions for removing, splitting, linking, and extending vessel 
segments to better fit the vessel information provided.  This gives the user an initial set of vessel 
segments that vessel metrics, such as tortuosity and vessel with, can be run on.          
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Figure 6.5 Example of the process to break the image into vessel segments.  (Top Left)  The vessel 
segments after skeletonization and preliminary key point detection through morphology.  (Top 
Right)  Vessel segments interpolated and corrected based on local directional information. (Bottom 
Left and Right)  A zoomed region showing the differences before and after vessel reconnection and 
correction respectively. 
 
6.3.4 Vessel measurement 
To perform many of the semiautomated tasks, such as vessel selection and correction, this system 
turns to code from a set of web-based tools developed at the University of Padova [31].  The main 
tools used were Tortnet and AVRnet.  While the information for calculating tortuosity, vessel 
width and AV ratio is already present, these tools provide a user interface for choosing, fixing, 
adding and deleting vessels. Fig. 6.6 shows examples of the user interfaces for each of these tools.  
The AVRnet systems uses the initial vessel segments provided and allows the user to manually edit 
the vessels.  It then has a module for calculating the clinical indexes for AV ratio (CRAE, CRVE) 
[179].   The Tortnet system uses many of the same tools developed for the AVRnet system 
including the vessel editing.  This system displays several tortuosity metrics (now including the 
proposed method) as well as vessel length, vessel width and distance to the optic disc.  The final 
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metric we calculate is for AV nicking, based on the work in chapter 4.  The user is able to click on 
a crossover of interest and the analysis is performed automatically, providing scores for both the 
Gunn and Salus sign.   
 
Figure 6.6 Example interfaces from the AVRnet (Right) system and the Tortnet (Left) system.  Both 
of these systems use similar editing interfaces.  Images from [31]. 
6.4 Discussion  
The system has been combined so that all vessel metrics can be calculated and includes the 
algorithms developed in this work.  However, the code has many redundancies and is not housed 
under a single graphical user interface.  At this stage, the system is still an in-house tool that will 
require more work before it is ready to be publicly released.  The output is based on a series of 
figures that the user can interact with depending on the stage of analysis.  All of the code was 
written in Matlab and requires version 2016a or higher as well as the image processing toolbox.  
The contributions from this thesis have helped to fill out the toolbox for the system by adding 
highly accurate algorithms for OD detection and tortuosity estimation as well as a new block for 
measuring AV nicking.  There are still other metrics that should also be calculated to add to this 
system (branching angles, fractal dimension, copper/silver wiring) in the future.        
6.5  Conclusion 
This chapter presented the combination of the methods developed in the previous chapters with 
other methods developed at the University of Padova into a retinal vascular measurement 
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framework.  The framework consists of modules for OD detection, vessel segmentation, 
segment/key point analysis, width estimation, tortuosity estimation, AV ratio and cross over 
analysis.  These are mixed with tools to help the user edit OD location and vessel segments.  While 
not ready for public availability, the tool shows promise in helping clinicians evaluate the retinal 
vasculature in the near future. 
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Chapter 7 
Conclusions 
 
7.1  Summary of Contributions 
To summarize, this thesis has proposed and tested a set of algorithms as part of a retinal vessel 
analysis framework.  New state of the art algorithms for optic disc detection, AV nicking 
quantification and tortuosity estimation have been added to tool developed previously at the 
University of Padova into a semiautomatic retinal vessel analysis framework.  Fig. 7.1 shows an 
updated flow diagram of the retinal vessel framework with highlighted contributions from this 
thesis. 
 
Figure 7.1 A retinal vessel analysis framework with highlighted contributions from this thesis in OD 
detection, tortuosity estimation and AV nicking quantification. 
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 The first contribution of this thesis is a novel method for optic disc detection in retinal images.  
We proposed a method that calculates the shortest path between points on the periphery of the 
image to points on the periphery in the opposite quadrant.  Using the values from a vessel-
enhanced image as edge weights in our graph, the shortest paths will run along the major vessel 
paths and through the optic disc location.  Doing this multiple times with different sets of points 
will narrow the region to a small segment.  Combining the information from template matching 
and vessel direction information provides the final optic disc location point.  The algorithm was 
tested on several publicly available datasets (and one in-house dataset) and compared with other 
methods for optic disc location.  In total, the method was tested on 1456 images and had an 
average detection rate of 99.4%.  The method also calculates information that can be used for 
vessel segmentation (vessel enhancement of which the method is interchangeable).  Used in the 
realm of a retinal vessel measurement framework, this can save overall processing time by 
performing both steps simultaneously.  
 The second contribution is a new method for evaluating vessel crossover points for the 
presence of AV nicking.  The method calculates both the Gunn and Salus signs as contributions to 
nicking.  The method takes in a center location of a crossover as input and determines a bounding 
box for the crossover via vessel segmentation and a distance transform.  Vessels widths are 
calculated using monodimensional matched filters across the profile of vessel.  Angles are 
determined by projecting beams to the edges of vessel segmentation at vessel centerline pixels.  
The beam with the shortest path is deemed orthogonal to the vessel centerline at that point.  The 
Gunn sign requires measuring vessel widths near and far from the crossing, producing a ratio of 
these values.  The Salus sign sums the difference of the angle entering and exiting the crossover 
with the average of the rest of the vessel path.  Testing was performed on a small set of crossovers 
showing good correlation with the expert findings and the ability to accurately quantify crossovers 
for both signs.  This was then expanded upon on a larger publicly available dataset which showed 
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significant (p < .05) differences between the Gunn sign of normal crossings and all classes of 
abnormal crossings.   
 The third contribution combined a new dataset for tortuosity measurement and a new 
method for tortuosity estimation based on a curvature enhanced image.  The new dataset consists 
of 50 vessels graded on a scale of 0-2 by two graders.  The dataset was tested on many of the 
popular methods for tortuosity estimation.  There was no clearly best method across graders and 
types of vessel (artery vein), although the method by Grisan et al. [135] had the highest average 
correlation.  This led to the development of new methods for tortuosity estimation that were 
adaptable to the grader/vessel type.  We used a difference of Gabor filters to enhance curvature 
in the vessel paths.  The curvature enhancement is based on the aspect ratio of the Gaussian 
envelope in the Gabor filter.  Different methods for compiling the information were used to create 
new metrics.  They included the sum of the response, the sum divided by the number of vessel 
pixels, and the sum divided by the number of pixels augmented by the number of curves detected.  
The curvature enhancement has the ability to put emphasis on certain types of curves, such as a 
clinician might when grading tortuosity.  The method was tested on the RET-TORT dataset and the 
proposed dataset and compared with individual methods for tortuosity estimation.  The method 
found results that exceeded all individual methods when different filter banks were used for 
arteries and veins (.94 and .88 correlation respectively) on the RET-TORT dataset.  This held true 
on the proposed dataset, having higher correlation values (on average +.04) for both graders and 
both vessel types. 
 The fourth and final contribution is the combination of these methods with previously 
developed methods at the University of Padova into a vessel analyzer.  The system takes parts 
from the AVRnet and TORTnet systems [31] as well as other works from the past to semi-
automatically calculate vessels metrics such as vessel width, tortuosity, AV nicking and AV ratio.  
While the system is still in the prototype phase, the new algorithms have added needed pieces to 
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what can eventually become a valuable tool for creating ground truth measurements or helping 
clinicians monitor vessel abnormalities.                    
   
7.2  Future Research 
 
This section briefly describes possible future research based on the work in previous chapters.  
This mainly includes updates to the retinal vessel analyzer in terms of metrics as well as finishing 
the prototype: 
7.2.1  Other metrics   
The metrics presented in the previous chapters are not the only vessel metrics that can 
be measured and correlate with vascular disease.  These include bifurcation angles, 
copper/silver wiring and fractal analysis.    Bifurcation angles would not be difficult to 
measure with the information we have already gathered in the vessel analyzer.  Further, 
methods have already been developed at the University of Padova to determine 
bifurcation points when walking through the vessel skeleton [13].  The ͚ ďuďďliŶg sǇsteŵs͛,  
which looks at concentric circles around vessel centerline pixels, can be augmented to not 
only track both segments from the bifurcation, but also measure the angle between them.  
Fig. 7.2 shows an example from the bubble tracking system at a bifurcation point. 
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Figure 7.2 Example of the bubble analysis Grisan et al. [13], showing tracking of both segments 
after the bifurcation. 
 
  Copper and silver wiring occur due to an increase in light reflection from the vessel wall 
due to chronic hypertension.  The vessel wall thickens and the blood column thins.  This 
manifests as a change in color along the vessel from bronze (copper wiring) to gray (silver 
wiring).  For copper/silver wiring, vessel profiles are already being analyzed when we 
measure vessel widths using the monodimensional matched filters.  Since both of these 
would have vessel profiles much different (opposite) than normal vessels, the filters could 
be trained to detect this along a vessel path.  The difficulty is in including the vessels in 
the vessel segmentation.  Their opposite profile usually excludes them from automatic 
segmentations.  This would have to be corrected with semi-autoŵated tools oƌ a ͚ sŵaƌteƌ͛ 
vessel segmentation.  Fig. 7.3 shows examples of copper and silver wiring.     
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Figure 7.3 (A) Earliest signs of increased arteriolar light reflex.  The reflex broadens (B-C) before 
becoming completely gray in image D ;silǀer ǁireͿ.  Froŵ DuaŶe͛s OphthalŵologǇ  [14]. 
 
  Fractal dimension would also not be a difficult addition as the simpler methods just require a 
vessel segmentation.  Others can be run on the gray-scale image itself.  The simplest method that 
we could deploy is the box counting method, which can be run on the vessel skeleton.  To 
calculate, boxes of size E, are overlaid over the image and the number of boxes with a piece of 
skeleton in them are counted.  This is done for increasingly smaller size boxes.  The fractal 
dimension simply the slope of line when plotting the log of the number of boxes with segments 
and the log of the resolution of those boxes.  Fig. 7.4 shows and example of the box counting 
method. 
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Figure 7.4 Fractal box-counting method using increasingly smaller boxes. 
 
7.2.2 Completing and testing the vessel analyzer 
As of now, the vessel analyzer is set of Matlab functions that have been put together to produce 
the vessel metrics written about.  Each module pops up as a separate image that can be semi-
automatically adjusted.  This needs to be united into a single graphical user interface.  There are 
also several redundancies within the steps.  Many of the algorithms perform equal or similar tasks 
and should not be rerun in the next step. Rectifying these two things and adding the new metrics 
discussed could provide for commercially available tool to rival the other products mentioned in 
chapter 6.  Once the system has been properly put together, testing should also be done by 
outside groups to determine the usefulness in terms of speed and accuracy of measurement in a 
clinical setting.  This includes user testing based on disease category.  Comparing the effectiveness 
against other available systems.  A new dataset with adjudicated ground truth available for all 
vessel measurements should be used in these tests, a major undertaking in and of itself.           
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